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2 General Introduction
Breast cancer is the most common cancer in women, with almost 2 million new cases diag-
nosed every year around the globe1. It is one of the diseases with most awareness in society,
even having its own awareness month. However, despite important improvements in aware-
ness, detection, diagnosis, and treatment, breast cancer is still a major cause of mortality,
accounting for approximately 500,000 annual deaths worldwide1. Breast cancer mortality
has decreased in the past decades, primarily because of the introduction of population-based
screening programs with mammography2–5. By imaging asymptomatic women periodically,
breast cancer can be detected early, improving prognosis. However, these screening pro-
grams are far from perfect. The use of mammography -a 2D technique- to image the 3D
volume of the breast is one of the reasons for 1 out of 3 breast cancers being missed6–9 and
for many false positive assessments, promoting the debate about whether screening is cost-
effective10,11. Another issue is the current labor-intensive screening workflow, in which radi-
ologists must assess millions of exams yearly, of which actually only less than 1% result in a
cancer diagnosis. Furthermore, this screening process is heavily threatened by the increasing
scarcity of radiologists12,13.
Artificial Intelligence (AI) has blossomed in recent years, with new algorithms able to boost
computers to accuracy levels similar to specialized humans for many medical imaging tasks.
Digital breast tomosynthesis (DBT) is a new technique based on mammography principles,
which can provide a pseudo-3D image of the breast, therefore improving the visualization
of breast cancer. These two technologies, when combined in an optimal way, might hold the
promise of both improving screening outcomes and increasing the efficiency of screening. The
main objective of this thesis was to investigate, assess, and optimize the use of AI and DBT
in that optimal direction, both for the women and for the healthcare system.
What is breast cancer?
The breast lies on the chest wall, overlying the deep pectoral fascia and is enveloped
by the superficial pectoral fascia (Fig. 1). These two layers are connected by suspen-
sory ligaments (Cooper’s ligaments), which provide support and give the breast its
shape. The central surface part of the breast is the nipple-areolar complex. Poste-
rior to the nipple-areolar complex, the breast is organized into lobes, which include
a branching duct system leading from the terminal duct lobular units (TDLUs), the
site of milk production in the lactating breast, to the collecting ducts that come to-
gether underneath the nipple-areolar complex. It is in the areas of lobular units and
smaller milk ducts that breast cancer often originates.
Cancers are often caused by multiple alterations in oncogenes, tumor-suppressor
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General Introduction 3
genes, and microRNA genes. These genes influence processes related to cell cycle
control, and their mutation can lead to an uncontrolled growth of cells, which is in
essence cancer. Mutations are usually somatic events, although germline mutations
can predispose a person to heritable or familial cancer. Most breast cancers are carci-
nomas, e.g. they originate from epithelial cells that line the TDLU. When malignant
cells have extended across the basement membrane of the TDLU into the surround-
ing normal breast tissue, the carcinoma is defined as invasive. If untreated, breast
cancer can spread to the rest of the body, hematogenous or through the lymphatic
system, leading to the death of the patient. The three most common types of breast
cancer are:
• Invasive ductal carcinoma (IDC), which accounts for approximately 80% of all
diagnosed invasive breast cancers. IDC has likely begun in the milk ducts, but
has broken through the wall of the ducts and invades the tissues of the breast.
• Ductal carcinoma in situ (DCIS), which also originates in the milk ducts, but
as opposed to IDC, it has not spread beyond the milk duct. DCIS is not life-
threatening but may progress into an invasive breast cancer later on.
• Invasive lobular carcinoma (ILC), which is the second most common type of
breast cancer after IDC (5-10%), usually originating at the TDLUs. ILCs are
characterized by the loss of E-cadherine, an adhesion molecule on the cell
membrane which causes cancer cells to stick together. ILCs therefore com-
monly present as very diffuse growing and hard to detect cancers.
After detecting a suspicious finding during an imaging exam, the diagnosis of breast
cancer is confirmed by taking a biopsy of the concerning area. Later, further tests are
done to determine patient prognosis and the most optimal treatment possible. This
breast cancer staging depends on several aspects:
• Tumor size and invasion, where prognosis is usually better if the tumor is
small, it has not spread to the axillary lymph nodes, or has metastasized to
other parts of the body.
• Tumor grade (1-3, higher grade means poorer prognosis), which is determined
by histopathology considering three morphological features: tubule formation,
nuclear pleomorphism (low-grade tumors have more resemblance with normal
cells) and frequency of mitoses (low-grade tumors have fewer cancer cells in
the process of dividing, thus are slow-growing).
• HER2 (human epidermal growth factor receptor 2) status. Breast cancers with
HER2 gene amplification or HER2 protein overexpression are called HER2-
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4 General Introduction
positive. They tend to grow faster and are more likely to metastasize and have
recurrences.
• Hormone receptors status. A cancer is called estrogen (progesterone) recep-
tor positive (ER-positive / PR-positive) if it has receptors for estrogen (pro-
gesterone). This suggests that the cancer cells, like normal breast cells, may
receive signals from estrogen (progesterone) that could promote their growth,
and patients may therefore benefit from anti-estrogen therapy.
If breast cancer is HER2-negative, ER-negative, and PR-negative, the breast cancer
is called triple-negative and does not respond to hormonal therapy or therapies that
target HER2 receptors. Studies have shown that triple-negative breast cancers are
more aggressive, tend to be higher grade, and are likely to spread beyond the breast
and to recur after treatment14.
Figure 1: Gross anatomy of the breast. Adapted from https://anatomybodydiagram.
com/.
Other frequent indolent benign abnormalities found in the breast are: fibroadeno-
mas (tumors made up of both glandular and stromal tissue), duct ectasia (widening
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and thickening of a milk duct), fibrosis (abnormal increase in fibrotic tissue), or cysts
(round, movable lumps filled with fluid). Some lesions, such as atypical ductal hy-
perplasia (meaning abnormal growth of cells), some phyllodes tumors (tumors that
quickly grow in a leaflike pattern but rarely spread outside the breast), and lobular
neoplasias (lobular carcinoma in situ and atypical lobular hyperplasia) have been
associated with a higher risk of developing a malignant tumor and therefore require
close surveillance.
From the epidemiology point of view, breast cancer is the most common cancer in
women, and despite important improvements in its detection, diagnosis and treat-
ment, it is still a major cause for cancer-related mortality, accounting for approxi-
mately 500,000 annual deaths worldwide1. The average incidence age of breast can-
cer is 62 years old. There are several factors that are associated with a higher risk
of developing breast cancer. Some factors, such as genetic mutations (BRCA1 and
BRCA2 -BReast CAncer genes 1 and 2- are the best-known genes linked to breast
cancer risk15 or radiotherapy to the chest during puberty, are regarded as most dan-
gerous, making women develop breast cancer at a younger age and therefore require
close surveillance starting earlier in life. Also women with a family history of breast
cancer may undergo intensified surveillance. Another important risk factor is breast
density (also called amount of fibroglandular tissue), which refers to the volume of
lobes, ducts and epithelial and connective tissues in proportion to the volume of
the breast. Studies have shown that women with high breast density have a higher
than average risk of developing breast cancer and more aggressive tumor character-
istics16. Breast density decreases with age and with the onset of menopause, while
increased density has been associated with hormonal factors derived from nullipar-
ity or late age at first birth17. Finally, lifestyle factors such as obesity, lack of physical
exercise, alcohol consumption, and diet have also been associated with a higher risk
of developing breast cancer.
Screening & mammography
Detecting breast cancer as early as possible is vital to improve patient’s chances and
quality of life after treatment. With this aim, population-based screening programs
started in the late 70s18,19 and have been adopted as organized nation-wide pro-
grams in many developed countries since then. In these programs, asymptomatic
women within a certain age range are invited to undertake a breast imaging exam
with mammography on a periodic basis (e.g. in the Netherlands, biennially between
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6 General Introduction
50 and 75 years). After more than 40 years of research, many studies have shown
that mammography screening is effective for the reduction of breast cancer-related
mortality2–5.
It is common practice in Europe that each woman’s screening exam is reviewed by
two readers, in an independent double reading fashion. If the radiologists disagree,
final decision on the need to recall the woman can be either by consensus of the two
radiologists, by arbitration by a third radiologist, or the woman can be recalled if ei-
ther of the two radiologists decides that a recall is warranted. If recalled, the woman
is referred to go to a hospital for further tests (diagnostic work-up). Double reading
is done because studies show that there is a significant variability between readers,
and therefore combining assessments by two or more readers improves overall per-
formance20,21. In the USA, it is more common to perform single reading of exams
but with a recall rate up to 4 times higher22. A culturally determined lower tolerance
for missed cancers, possibly related to concerns about legal liability, may be a reason
for higher recall rates in the USA.
The chosen technique for screening, mammography, is a non-invasive and relatively
cheap test which uses x-rays to obtain a two-dimensional (2D) image of the breast.
Although using ionizing radiation, the risk for an average 50-year-old woman to de-
velop cancer from a mammography exam is estimated to be about 9 in 100.00023.
Screen-film mammography was initially used, until it was replaced by digital mam-
mography (DM) in the mid-2000s, showing an improvement in breast cancer detec-
tion accuracy, especially for women with dense breasts24. Since mammography is
a 2D technique, for a better detection accuracy, two images per breast exam are of-
ten acquired from different angles, a cranio-caudal (CC, top to bottom) view and a
medio-lateral oblique view (MLO, side angled) (Fig. 2).
The main signs that may represent a malignant lesion on DM are (Fig. 2): masses
or soft tissue lesions (high mammographic density areas with a focal center from
which often a contracting and spiculated pattern originates), calcifications (grouped
flecks with very high contrast and a small size that ranges from 0.050 mm to 3 mm -
they often represent DCIS -), architectural distortions (contracting patterns without
a clearly defined high-density area in their center), and asymmetries (a suspicious
difference in a region’s density between both breasts, without evidence of a soft tis-
sue lesion). For various reasons, it is necessary to compress the breast during a DM
acquisition. Breast compression reduces tissue overlap, allows contrast to be more
homogeneous across the breast, avoids possible artefacts because of motion, and di-
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Figure 2: (a) Standard mammography exam with cranio-caudal (right) and medio-
lateral oblique (left) views of both breasts. A malignant architectural distortion lesion
is observed. (b) Image of an example of a malignant soft tissue lesion with spicula-
tions. (c) Image of an example of a malignant cluster of calcifications.
minishes the negative impact of scatter radiation in the image formation. Beyond
improving image quality, compression of the breast also reduces the absorbed dose
to the breast during a DM scan.
The current design of screening programs has substantial room for improvement,
and at least two clear limitations.
The first limitation is the use of a 2D imaging modality. Since DM is a 2D modality,
there is an inherent loss of accuracy in detection of breast cancer, in terms of both
sensitivity (true positive rate) and specificity (true negative rate). Because of tissue
superposition, lesions can be masked by the anatomical background while normal
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8 General Introduction
features in the breast can overlap and resemble a suspicious lesion. For instance, in
The Netherlands, only 2/3 cancers are detected with screening in the screened popu-
lation, and for each screen-detected cancer almost 3 women are recalled for work-up
without having cancer25. False negative findings may lead to false reassurance and
ultimately a delayed cancer diagnosis, while false positive findings lead to nega-
tive effects such as unnecessary work-up, participant anxiety and reluctance to take
part again, and a reduction in cost-effectiveness26. DM has excellent breast cancer
detection performance in low-density breasts, where the risk of tumor masking is
minimal. On the other hand, high-density breasts diminish the ability to detect can-
cer with mammography, because of tissue overlap24,27. Given the heterogeneity of
the breasts seen in screening, some authors suggest to stratify screening by breast
density, therefore moving away from the one-size-fits-all model28,29. However, in
practice, unless women are considered to have a high-risk of developing cancer, in
which case they are included in high-risk screening programs often including MRI
and starting at an earlier age, the average-risk population is still screened with a one-
size-fits-all model with mammography.
The other limitation is workflow. Each year, millions of women are invited to un-
dergo their DM screening exam, which is reviewed by one or two radiologists. This
is not only a highly labor-intensive practice, but also has additional economic costs.
Considering the increasing scarcity of radiologists in some countries, especially breast
screening radiologists12,13, alternative strategies to allow continuation (or develop-
ment) of screening programs are required. This becomes even more clear when one
realizes that the low prevalence of exams with cancer (approximately, 10 per thou-
sand women screened) within the total amount of screening examinations in fact de-
creases radiologists’ sensitivity30,31, and therefore even double reading might not be
enough. Several studies have shown that unfortunately up to 25% of mammography-
detectable cancers are still missed at screening6–9 even after double reading. Conse-
quently, to prevent visible lesions in DM being overlooked or misinterpreted radi-
ologists, when available, may benefit from some assistance. In case of absence of
qualified radiologists this becomes even more apparent.
Given this, and despite organizations such as the European Society of Breast Imaging
(EUSOBI) being in favor of screening32, there is a lot of controversy and discussion
about the actual impact of population-based screening in reducing mortality from
breast cancer and of its cost-effectiveness. Some investigators claim that reduction in
mortality is mainly due to advances in the treatment of breast cancer rather than the
early detection through screening10,11. This is opposite to other results33, suggesting
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that the majority of chemotherapy given today does not result in better survival, and
that women should be informed equally about overtreatment and overdiagnosis.
Nonetheless, it is debated that there are currently no accepted criteria to determine
which detected abnormality may indeed constitute an overdiagnosis34.
Artificial Intelligence for breast cancer detection
Since the 1990s, computer-aided detection (CAD) systems have been developed to
automatically detect and classify breast lesions in mammograms; their output then
shown to radiologists with the aim to prevent overlooking of cancers. The widespread
implementation of DM for breast cancer imaging further spurred the development
of automated detection techniques for breast cancer. Unfortunately, estimates of the
potential benefits and harms of using CAD during screening reading have been in-
consistent and contradictory. Ultimately, no studies to date have found that screen-
ing cost-effectiveness improves when radiologists use CAD systems. This is mainly
because of the low specificity of traditional CAD systems, which alerts radiologists
of too many false positives areas, something that is misleading and generates lack of
trust of the readers towards CAD35,36. The low specificity has also precluded the use
of CAD as a stand-alone reader for screening mammography.
However, the era of traditional CAD might be coming to an end, due to the rise of a
new type of systems based on high-accuracy artificial intelligence (AI) that may bet-
ter assist radiologists reading mammograms. The success of novel machine learning
algorithms based on deep learning convolutional neural networks is rapidly chang-
ing the field of AI37. Deep learning algorithms allow computational models that
are composed of multiple processing layers to automatically learn representations of
data with multiple levels of abstraction. Basically, deep learning enables the com-
puter to build complex concepts out of simpler concepts, based on learning from
multiple examples. These approaches are very successful in automating cognitively
difficult tasks; classic examples include self-driving cars and advanced speech recog-
nition. In medical imaging, deep learning-based AI is rapidly closing the gap be-
tween humans and computers for many applications38,39. It has been suggested that
such algorithms could therefore have the potential to further improve the benefit-
harm-ratio of breast cancer screening programs40.
In recent years, several deep learning-based algorithms for automated analysis of
mammograms have been developed, some of which have already shown very promis-
ing stand-alone results when compared to radiologists in limited scenarios41–43. The
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10 General Introduction
high accuracy level of these new AI systems could allow them being used by radi-
ologists for more than just prompting marks, which was the use of most traditional
CAD systems. For instance, previous studies have shown that using a system con-
currently as a decision support tool helps radiologists more than the traditional ap-
proach with a high number of false positive prompts44,45. The idea lies in not telling
the radiologists where to look, but instead, let the radiologists decide on which areas
of the mammogram they want to know the likelihood of cancer determined by the
AI system. This also means going from just computer-aided-detection to computer-
aided-diagnosis. Of course, overlook errors must still be prevented. The traditional
approach of prompts can be enhanced by reducing the false positive rate with the
new AI algorithms. Moreover, it could also be possible to provide an exam-based
score defining the computed likelihood that cancer is present, which radiologists
can instantly see when opening the case to have an overall idea of what to expect for
this case (Fig. 3).
Figure 3: Example of mammography exam with a malignant lesion (outlined). The
interface shows possibilities of using new generation AI systems to help radiologists.
The score (in this example, on a 1-100 scale) and outline around the lesion is the deci-
sion support information presented to radiologists after asking for it, while the exam-
based score (in this example, on a 1-10 scale) in the bottom right provides a summary
of the likelihood that the case represents cancer.
Reducing the number of mammographically-detected cancers missed at screening is
one of the main objectives of introducing AI to assist radiologists. Apart from being
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concurrently used by radiologists, AI systems have also been proposed to be used as
stand-alone first, second, or third readers to improve the cost-effectiveness of screen-
ing programs. When used as a first reader, a possibility is automatic pre-selection of
mammograms based on an exam-based score denoting the likelihood that cancer is
present. Within a screening cohort, more than 95% of exams do not contain any ab-
normality, and it could be hypothesized that AI can filter out a proportion of these
exams automatically, avoiding conventional double reading. This would reduce the
caseload for screening radiologists and increase the cancer prevalence in the actu-
ally evaluated population, ideally without diminishing the radiologists’ detection
performance.
Digital Breast Tomosynthesis
Technique
Tomosynthesis as a solution to overcome the limitations of tissue superposition in
2D diagnostic imaging was first proposed by Ziedses des Plantes in 193246, long
before it was even feasible to be performed. The idea lies in the acquisition of sev-
eral 2D projections of the target from different angles while the x-ray source rotates
around it. These projections can be used to reconstruct a pseudo-3D image with a
mathematical algorithm, therefore reducing tissue overlap in the imaged structure.
Flat-panel digital detectors, first produced in the late 1990s, met the criteria of having
reasonable efficiency, stability and readout speed, making tomosynthesis feasible for
the first time and starting an unstoppable stream of research and optimization of to-
mosynthesis47.
The application of tomosynthesis for breast imaging (namely DBT) was first de-
scribed by Niklason et al in 199748. DBT provides a pseudo-3D image of the com-
pressed breast, consisting of a number of image slices parallel to the imaging plane
in which features at certain vertical locations are preferentially in focus while fea-
tures at other locations are blurred out. Although DBT does not result in real 3D
images, the preferential depiction of features located in the focal plane while blur-
ring of off-plane features is enough to decrease the impact of anatomic noise and
therefore improve the visualization of breast cancer (Fig. 4). More than 20 years
later, numerous studies have demonstrated superior breast cancer detection capabil-
ities of DBT over mammography49–54. To accomplish this feat, extensive technical
research, development, and optimization has been performed before tomosynthesis
imaging could be introduced for clinical and screening use.
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DBT is both a powerful and challenging imaging modality. It provides some tomo-
graphic information of the anatomy being imaged at radiation doses similar to those
of planar imaging, using planar imaging systems that include only a few modifi-
cations. While the projection acquisition over a limited angle is enough to recon-
struct the object partially, it results in a limited sampling of the frequency space of
the image in the vertical direction and an intricate web of variables determining the
final image quality. During the years (and still now) there is a lot of research be-
ing performed aiming to answer some of the most critical questions about the DBT
strategies to achieve the best possible image quality55,56:
• Should the x-ray source stop completely during projection acquisition (step-and-shoot)
or should it continue its motion at a constant speed (continuous motion)? Continu-
ous motion results in an elongated effective focal spot in the direction of tube
motion, introducing a loss of resolution57. This is not seen in step-and-shoot
systems, but the acquisition sequence takes longer to acquire and it is harder
to implement mechanically (the x-ray tube needs to be stopped with minimal
vibration in a very short period of time).
• What is the optimal angular range...? The angular range (angle difference from
first to last projection) of DBT systems varies between 11 and 45 degrees. Larger
angular range implies better sampling of the depth (z, source-to-detector) di-
rection, thus better spatial resolution in this direction and fewer out-of-plane
artefacts (better reduction of anatomical noise and better soft tissue lesion visu-
alization)57. On the other hand, larger angular range leads to more truncation
artefacts due to insufficient coverage of the breast in the extreme angular DBT
projections, and lower in-plane (xy) resolution of structures (poorer calcifica-
tion depiction) because of the oblique incidence of the x-rays onto the detector.
• ...and the optimal number of projections? The number of projections ranges be-
tween 9 and 25 across DBT systems. The optimal number of projection is lim-
ited by two factors: the radiation dose delivered to the breast and the angular
range. More projections do not necessarily mean more radiation dose. The
complete dose of a DBT scan is between 1 and 2 times higher than during a
DM scan58, which means that the dose delivered per 2D projection is signifi-
cantly lower than that delivered during a 2D DM acquisition. However, it has
to be taken into account that a minimal dose to the detector is needed to re-
duce the influence of electronic (or readout) noise. At the same time, a certain
angular range needs a minimum of projections to avoid artefacts in the recon-
struction due to poor interpolation of the sampled space. Therefore, it has been
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proven that increasing number of projections enhances vertical resolution up
to a point, after which image quality decreases59 because electronic noise be-
comes more prominent (assuming dose is kept constant). Recently, however,
new deep learning-based techniques suggest that it is possible to lower the
dose and use post-processing for correction of the impact of electronic noise,
without affecting image quality60.
• How can we correct scatter radiation? Scatter radiation, x-rays spread out in dif-
ferent directions from the primary radiation beam, contributes to diminishing
the image quality of DM and DBT by introducing cupping artefacts, inaccu-
racy of reconstructed values, and a reduction of contrast61. In DM, scatter ra-
diation is corrected by the use of grids on top of the detector62 or by software
methods63. In DBT, because of the acquisition geometry where the detector
remains static while the x-ray tube moves, it is a challenge to place a physi-
cal anti-scatter grid. But more importantly, using any sort of anti-scatter grid
requires an increase in the radiation dose delivered per projection in order to
achieve the same noise level, since grids also absorb part of the primary radi-
ation. As a consequence, automatic software-based methods are an alternative
to accurately correct DBT projection images for scatter radiation. Several scat-
ter correction methods have been proposed for DBT using Monte Carlo (MC)
simulations to characterize and parameterize the scatter radiation in DBT64–67.
However, MC simulations are very time-consuming, making them impossible
to implement in the clinical realm, leading to a trade-off decision when design-
ing these algorithms between time-efficiency and MC-simulation accuracy.
• How can we best reconstruct the projections into the diagnostic planes? The under-
standing of DBT image reconstruction mainly comes from computed tomogra-
phy (CT) scans, with most of the algorithms used for DBT having been orig-
inally developed for CT, and then adapted for the undersampled DBT data.
Reconstruction algorithms are broadly classified into analytical and iterative
algorithms. One of the most commonly used analytical reconstruction algo-
rithm for DBT is filtered back projection (FBP) because of its speed and the
vast amount of knowledge about it due to its use in CT68,69. Fully iterative
reconstruction algorithms are also in use, but are associated with a more time-
consuming process70–72. Recently, deep learning networks have been proposed
to speed up iterative reconstruction algorithms73,74.
Given that the image quality of DBT depends on so many aspects, and that there is
no clear combination that can yield superior clinical performance over the rest, each
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manufacturer has built a DBT system based on different acquisition strategies. How-
ever, among all systems, a distinction is often made on whether DBT is wide-angle
(angular range larger than 40 degrees) or narrow-angle.
Figure 4: Example of a case with a cancer (invasive ductal carcinoma, outlined)
imaged with digital mammography (DM) and digital breast tomosynthesis (DBT),
showing the superiority of DBT because of the reduction in anatomic noise arising
from tissue overlap.
All current DBT imaging is limited by the lack of quantitative accuracy: the voxel
values in reconstructed DBT images are not a true representation of the tissue nature
at that location. Therefore, contrast-enhanced DBT (CE-DBT) imaging would not
be directly quantitative (could not yield the actual concentration of contrast agent),
potentially hindering its clinical use to enhance post-diagnosis care of breast cancer
(improving tumor staging, treatment response prediction and monitoring). The lim-
ited angle acquisition and the presence of x-ray scatter are some of the reasons for
this lack of quantitative accuracy. Once again, deep learning might hold the solution
by introducing advanced reconstruction and post-processing methods to correct the
contrast-only maps and avoid the artifacts and inaccuracy introduced by the lim-
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ited angle acquisition inherent in DBT. In addition, due to its limited angular cov-
erage, the portion of the compressed breast that does not completely span the space
between the breast support table and the compression paddle is not reconstructed
correctly in DBT imaging and cannot be quantified without correction. This is a
common artefact seen in DBT in general. Without the knowledge of the 3D breast
contour, current reconstruction algorithms spread the estimated total attenuation in
this varying thickness area evenly across the entire height available between the ta-
ble and paddle, resulting in over-estimation of the attenuation outside the breast,
and more importantly, under-estimation inside the breast.
How to read DBT images?
Since the introduction of the first DBT systems in clinical practice eight years ago,
studies have been continuously performed aiming to establish the optimal way to
present DBT images to radiologists, the possible DBT pitfalls and solutions, and most
importantly, whether DBT is actually a superior alternative to DM for population-
based breast cancer screening.
DBT can be used for screening as an adjacent or a replacement technique to DM,
showing improvements in breast cancer detection between 20% and 50%75. Beyond
improving breast cancer detection, another advantage of DBT derived from the re-
duction in the effect of tissue superposition is that breast compression force during
a scan can be reduced up to 50% without any significant change in dose or image
quality54,76. This is important when it comes to screening since it has been shown
that the pain during breast compression can discourage women from participating
in screening77. Plus, some studies suggest that single-reading of DBT exams is al-
ready better than the standard double-reading of DM exams78,79, which could also
have a significant impact on cost-effectiveness.
Because of the lack of reference and the technical diversity among systems, differ-
ent implementation protocols have been researched and are currently used in prac-
tice. Initially, the most standardized option was to combine two-view DBT (cranio-
caudal, CC, and medio-lateral oblique, MLO) with the standard two-view DM pro-
tocol49,50,53. However, using four views as a screening protocol has two major draw-
backs: it increases the reading time per case80,81, and it at least doubles the radiation
dose82, which, although may be un-founded is perceived as a major concern for
a population-based screening scenario (The American Association of Physicists in
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Medicine 2018), by the radiologist and the healthcare policy-making communities.
As a consequence, alternative shortened protocols such as combining one-view DBT
with one-view DM83,84, or just using two-view DBT85 or one-view DBT52,54,84,86 as
a stand-alone screening technique have been explored. The most interesting possi-
bility is using one-view DBT, where dose and reading time are minimized, but this
protocol is likely only optimal with wide-angle DBT systems, which can provide a
better reduction of tissue overlap.
However, even with one-view DBT, the main problem of implementing DBT in screen-
ing is the increased reading time per exam. An approach to reduce reading time in
DBT is to combine the original slices of the reconstruction (usually each covering
1 mm) into slabs (2 mm - 20 mm). Several studies have shown that reading time
of a DBT screening exams can be decreased with slabbing by 20% while showing
equivalent clinical performance87. This might be because even if DBT slices are tra-
ditionally separated by 1 mm, the actual vertical resolution of DBT systems ranges
between 3 mm and 10 mm57.
Recently, an alternative acquisition strategy for DBT images has been introduced as a
consequence of the arising of synthetic mammography (SM): a 2D mammography-
like image reconstructed from the DBT projections and/or slices. SM has the po-
tential to fully replace DM views without losing clinical performance, hence saving
radiation dose to the patient and allowing comparison with prior exams given a
DBT scan. A protocol consisting of two-view DBT + SM currently seems like the
most preferred image presentation option, having been tested in several population-
based screening trials79,88–91.
Despite the fact that DBT can be considered a viable alternative for DM to improve
screening, especially if reading times can be shortened, solid proof is still needed
in terms of reduction of interval cancers, the risk of overdiagnosis with DBT, and
cost-effectiveness. Nonetheless, recent studies suggest that screen-detected cancers
with DBT are histologically similar to those detected with DM92,93, and that interval
cancers are marginally reduced94.
Thesis Outline
Beyond the Introduction presented above, this thesis is divided into two parts and
ten chapters.
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Part 1 investigates the recent advances of AI for breast cancer detection in DM. Chap-
ter 1 evaluates the stand-alone performance of a deep learning-based AI system for
breast cancer detection compared to radiologists. Chapter 2 assesses the benefit in ac-
curacy for radiologists when using such AI system as a reading aid. Chapter 3 evalu-
ates possible strategies of using AI to optimize screening programs. Part 2 describes
new algorithms and models developed to improve DBT both as an anatomical and
a functional technique and also focuses on the assessment and optimization of DBT
for breast cancer detection in practice. Chapter 4 and Chapter 5 show the development
of the first clinically relevant 3D shape model of the compressed breast undergoing
DM and DBT. Chapter 6 presents a deep learning-based method to remove scatter ra-
diation in DBT images. Chapter 7 evaluates how new reconstruction algorithms can
impact DBT image quality, both for radiologists and for AI systems. Chapter 8 intro-
duces a new deep learning-based methodology to quantify iodine in DBT, opening
the door for functional DBT imaging. Chapter 9 investigates the potential of one-view
DBT as a stand-alone technique for breast cancer detection. Chapter 10 describes the
potential to use a new 3D-like rotating synthetic mammography instead of the stan-
dard 2D-like standard synthetic mammography approach.
Finally, a General Discussion of the findings derived from this thesis and their im-
plications in practice is provided.
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Abstract
Purpose: Artificial intelligence (AI) systems performing at radiologist-like levels in
the evaluation of digital mammography (DM) can improve breast cancer screening
detection accuracy and workflow. We aimed to compare the stand-alone perfor-
mance of an AI system to that of radiologists in detecting breast cancer in DM.
Materials and methods: Nine multi-reader multi-case (MRMC) study datasets pre-
viously used for different research performance evaluation purposes in seven coun-
tries were collected. Each dataset consisted of DM exams acquired with systems
from four different vendors, multiple radiologists’ assessments per exam, and ground
truth verified by histopathological analysis or follow-up, yielding a total of 2,652
exams (653 malignant) and interpretations by 101 radiologists (28,296 independent
exam interpretations). All these exams were automatically analyzed by an AI sys-
tem, yielding a level of suspicion of cancer present between 1 and 10 (highly sus-
picious of malignancy). The performance compared between radiologists and AI
system using a non-inferiority null hypothesis at a margin of 0.05.
Results: The performance of the AI system was statistically not inferior to that of the
average of the 101 radiologists. The AUC was 0.840 for the AI system and 0.814 for
the average of radiologists (95% confidence interval of the difference = (-0.003 to 0.
055)), thus we were able to reject a non-inferiority hypothesis. The AI system had an
AUC higher than 61% of the radiologists.
Conclusion: The evaluated AI system achieved a breast cancer detection accuracy
comparable to an average breast radiologist in this retrospective setting. While promis-
ing, the performance and impact of such an AI system in a screening setting needs
further investigation.
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1.1 Introduction
Breast cancer is the most common cancer in women, and despite important improve-
ments in therapy, it is still a major cause for cancer-related mortality, accounting
for approximately 500,000 annual deaths worldwide1. Population-based breast can-
cer screening programs using mammography are regarded as effective in reducing
breast cancer-related mortality2,4,5. However, current screening programs are highly
labor intensive due to the large number of women screened per detected cancer, and
the use of double reading, especially in European screening programs, which also
leads to additional economical costs. Moreover, despite this practice up to 25% of
mammographically-visible cancers are still not detected at screening6–9.
Considering the increasing scarcity of radiologists in some countries, including breast
screening radiologists12, alternative strategies to allow continuation of current screen-
ing programs are required. In addition, it is of paramount importance to prevent
visible lesions in digital mammography (DM) being overlooked or misinterpreted.
Since the 1990s, computer-aided detection (CAD) systems have been developed to
automatically detect and classify breast lesions in mammograms. The widespread
implementation of DM for breast cancer imaging further spurred the development
of automated detection techniques for breast cancer. Unfortunately, no studies to
date have found that traditional CAD systems directly improve screening perfor-
mance or cost-effectiveness, mainly because of a low specificity35,36. This has also
precluded their use as a stand-alone reader for screening mammography.
However, the field of artificial intelligence (AI) is rapidly changing due to the suc-
cess of novel algorithms based on deep learning convolutional neural networks.
These approaches are very successful in automating cognitively difficult tasks; clas-
sic examples include self-driving cars and advanced speech recognition. In medical
imaging, deep learning-based AI is also rapidly closing the gap between humans
and computers39. It has been suggested that such algorithms could therefore have
the potential to further improve the benefit-harm-ratio of breast cancer screening
programs40. In recent years, several deep learning-based algorithms for automated
analysis of mammograms have been developed, some of which have already shown
very promising results when compared to radiologists, but in very limited and ho-
mogeneous scenarios41,43.
In this study, we compare at a case level the cancer detection performance of a com-
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mercially available AI system to that of 101 radiologists who scored nine different co-
horts of DM examinations from four different manufacturers as part of reader studies
previously performed for other purposes.
1.2 Materials and Methods
Artificial intelligence system
In this study we used an AI system for breast cancer detection in DM and digi-
tal breast tomosynthesis (Transpara 1.4.0, Screenpoint Medical BV, Nijmegen, The
Netherlands). The system uses deep learning convolutional neural networks, fea-
ture classifiers and image analysis algorithms to detect calcifications95,96 and soft
tissue lesions97–99 in two different modules. For each exam, on the basis of the
individually-classified suspicious findings, the system provides a continuous score
ranging between 1 and 10 representing the level of suspicion of cancer present (where
10 represents highly suspicious of malignancy present). This system can be applied
to processed (i.e. "for presentation") DM images from multiple vendors and makes
use of both the medio-lateral oblique (MLO) and cranio-caudal (CC) views of each
breast. However, the AI system does not use information from prior mammograms
(when available).
The AI system is trained, validated, and tested using a database containing over
9,000 mammograms with cancer (one third of which are presented as lesions with
calcifications) and 180,000 mammograms without abnormalities. The mammograms
originate from devices from four different vendors (Hologic; Siemens; General Elec-
tric; Philips) and institutions across Europe, United States and Asia. The AI system
is independently tested with exams never used for training or validation of the algo-
rithms. The mammograms used in this study have never been used to train, validate
or test the algorithms.
Digital mammograms
We collected sets of DM examinations that were read by multiple radiologists dur-
ing other unrelated, and previously completed, retrospective multi-reader multi-
case (MRMC) observer studies44,83,85,100–104. In those studies, DM was compared
to another modality (e.g. digital breast tomosynthesis) for breast cancer detection in
cancer-enriched datasets. In total, nine distinct DM datasets were obtained from dif-
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ferent institutions across Europe and the United States (Table 1.1). The review board
at each institution waived local ethical approval and informed consent or directly
approved the use of the anonymized patient data for retrospective research. Each
dataset consisted of:
• DM exams: processed "for presentation" 2D images, two views per breast (CC
and MLO) that could be unilateral or bilateral.
• The corresponding radiologists’ scores for each DM exam: forced Breast Imag-
ing Reporting and Data System (BI-RADS) scores (scale 1-5; 1 = negative, 2 =
benign findings, 3 = probably benign, 4 = suspicious abnormality, 5 = highly
suspicious of malignancy) and/or probability of malignancy (PoM) scores (scale
1-100). All interpretations involved single reading by individual radiologists,
differing from standard practice in many screening programs, which use dou-
ble reading plus consensus or arbitration.
• The ground truth, in terms of cancer present or absent, of each DM exam, con-
firmed by histopathology and/or at least one year of follow-up.
In all datasets, the radiologists individually scored each DM exam, without time
constraint, and without access to other imaging techniques or any AI systems. There
were significant differences across datasets (see Table 1.1) regarding study popu-
lation and reading workflow. Also, for some datasets, the radiologists had access
to priors (not processed by this version of this AI system). In total, 28,296 inde-
pendent exam interpretations of 2,652 cases were collected. Differences in numbers
between the original study populations and the included populations are due to im-
ages and/or readings lost during data archiving at the original institutions (n = 13)
as well as problems during processing with the AI system (n = 7, e.g., because the
case contained implants).
Table 1.1 shows the distributions of the radiologists’ experience with mammography
for each dataset, which resembles the heterogeneous distribution seen in practice, as
reported in the original publications. Readers from the United States were MQSA-
qualified (Mammography Quality Standards Act), and included an approximately
even mix of general and breast-specialized radiologists, while all the readers from
Europe were specialized in breast imaging and were qualified according to the Euro-
pean guidelines for quality assurance in breast cancer screening105. For their studies,
they were instructed to score simulating a screening practice.
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Statistical analysis
The accuracy of the radiologists was compared to that of the AI system with a non-
inferiority null-hypothesis based on differences in the area under the receiver oper-
ating characteristic curve (AUC). Only cases with malignant lesions were considered
positive. Since this AI system had not been tested before, we did not assume a perfor-
mance level pre-study, and hence did not calculate the power of this study. Instead,
the study was performed with as much data as could be gathered to have the most
robust conclusion possible.
Non-inferiority testing Non-inferiority analysis106,107 was used to compare the
AI system to the radiologists. The non-inferiority margin was set at 0.05, since it
was considered that differences below this margin are clinically unimportant. Non-
inferiority was concluded if the AUC difference AI-radiologists was greater than 0
and the lower limit of the 95% confidence interval (CI) of the difference was greater
than the negative value of the non-inferiority margin (-0.05).
Primary endpoint: Overall AUC performance of the AI system vs. 101 radiologists
We pooled the datasets listed in Table 1.1 and compared the reader-averaged AUC
against the AUC of the AI system. The public-domain iMRMC software (version
4.0.0, Division of Imaging, Diagnostics, and Software Reliability, OSEL/CDRH/FDA,
Silver Spring, MD)108,109 was used, which can handle arbitrary (not fully-crossed)
study designs, including the split-plot design resulting when pooling datasets as in
this study110. The software expects multiple readers but can treat a single reader (the
AI system) if the data is formatted properly. The iMRMC software can also handle
the mixed scoring scales in the different datasets since the scores from different read-
ers are never compared. If probability of malignancy was available, it was preferred
over BI-RADS as it better samples the receiver operating characteristic (ROC) space
and it is an ordinal scale111. For the AI system, its scoring exam-based scale (1-10)
was used for ROC analysis. We created reader-averaged ROC curves by averaging
the reader-specific non-parametric (trapezoidal) curves along lines perpendicular to
the chance line112. This average is area-preserving; its AUC is equal to the reader-
averaged non-parametric AUCs.
The analysis of the MRMC data, which yielded the empirical AUC values and their
standard error (SE), were computed following U-statistics to provide unbiased es-
timates of the variance components108,109. In this way, the total variance is decom-
posed into eight moments from first principles (similar to U-statistics), considering
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non-diseased cases separately from diseased cases so that the total variance can be
easily generalized to new readers, new non-diseased cases, and new diseased cases.
Secondary endpoints: performance comparisons for each dataset As secondary
endpoints, the AUC and operating points were compared between the AI system
and the average of radiologists for each dataset and against each individual radiol-
ogist. The reported 95% CI are not adjusted for testing multiple hypotheses, since
the high amount of multiple comparisons (N=215) would make statistical testing
impractical. Instead, this analysis is meant to be descriptive and to identify any pos-
sible outliers in the datasets.
Standard MRMC analysis of variance was used to compare the AUC between the AI
system and the average of radiologists, based on the methods by Gallas et al. imple-
mented in iMRMC108,109. Similarly, as with the split-plot analysis defined above, the
AI system was defined as an independent second modality.
The sensitivity at the radiologists’ specificity was compared between the radiologists
and the AI system as determined by a screening scenario threshold (BI-RADS 3 or
higher was considered positive, while in dataset C, radiologists directly indicated
whether the case was recalled or not). There was no recall information for Dataset B,
which involved 6 radiologists, (the original study did not ask radiologists for a recall
decision)and therefore it was not included in this analysis. Consequently, sensitivity
could therefore only be computed for 95 radiologists. The average sensitivity and
specificity of the radiologists were computed with iMRMC using a single-modality
analysis of variance with dichotomized scores as input. For the AI system, the op-
erating point of the ROC that was closest to the average radiologist’s specificity was
then selected to dichotomize the results. Radiologists and AI system sensitivities
were compared with iMRMC using a standard MRMC two-modality analysis of
variance at the same specificity level.
1.3 Results
Overall AUC performance of the AI system vs. 101 radiologists
The AUC of the AI system (0.840, SE = 0.010) was significantly non-inferior to that
of the 101 radiologists (0.814, SE = 0.014). The AUC difference was 0.026 (SE = 0.015,
95% CI = (-0.003, 0.055)), slightly higher for the AI system at the range of low- and
mid- specificity. The average ROC curves are displayed in Fig. 1.1. The system had
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a higher AUC than 62/101 radiologists (61%).
Figure 1.1: Receiver operating characteristic (ROC) curve comparison between the
reader-averaged radiologists and the artificial intelligence (AI) system. Area under
the ROC curve (AUC) is shown within parentheses.
Performance comparisons for each dataset
Absolute differences (AUC AI system - AUC average of radiologists) varied between
-0.008 and +0.038 per dataset. The ROC curve of the AI system is plotted against the
radiologists’ ROC curves in Fig. 1.4.
The average operating point of the radiologists was different across datasets, with
specificities ranging from 0.49 to 0.79, and sensitivities between 0.76 and 0.84 (Fig. 1.4).
At the average specificity of the radiologists, the AI system had a higher sensitivity
in 5 out of 8 datasets (1-8%), and lower in 3 datasets (1-2%). The AI system had a
higher sensitivity than 55 out of 95 radiologists (58%), was equal to 4 radiologists
(4%), and had lower sensitivity than 36 radiologists (38%), but its performance was
always lower than that of the best radiologist.
1.4 Discussion
Our results clearly show that recent advances in AI algorithms have narrowed the
gap between computers and human experts in detecting breast cancer in digital
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mammograms. Nevertheless, the performance of AI was consistently lower than
the best radiologists in all datasets. The large and heterogeneous population of cases
used in this study shows that our findings might hold true across different lesion
types, mammography systems and country-specific practices.
Across the collected data, differences were seen in the performance of the readers.
As expected, readings in the United States had a lower average specificity than those
in Europe, where screening recall rates are lower. For Dataset A, even though per-
formed in Europe, the average specificity is similar to North-American readings.
Perhaps this is explained by the dataset being mostly composed of breasts with high
density, which might have made radiologists modify their operating points. The
wide range in average AUC values (0.769-0.907) across datasets shows that the dif-
ficulty of the populations varied substantially, due to, for instance, inclusion of spe-
cific lesion types, different proportions of enrichments, or availability of prior exams
and/or exams of the contralateral breast. It should be noted that the AUC values for
the radiologists were lower than those reported in US clinical practice by the Breast
Cancer Surveillance Consortium, which are above 0.90113. This is likely because the
datasets used in this study were highly enriched with cancers and false positive ex-
ams, resulting in a case set which is substantially more challenging than a screening
mammography set.
Figure 1.2: Differences in the area under the receiver operating characteristic curve
(AUC) between the artificial intelligence (AI) system and each radiologist.
For the AI system, the performance was very close to the average of radiologists
in all datasets. Interestingly, this also held in all datasets (Dataset B, C, D) where
the AI system had the disadvantage of not considering information from the prior
mammograms, whereas the radiologists had access to available prior images. The
reader-averaged ROC curve of the 101 radiologists was almost identical to that of
the AI system at high specificity, while the AI system showed slightly higher AUC
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at mid and low specificity. Since this data was enriched with cancer and benign le-
sions, the screening recall operating point of radiologists lied at the mid-range in
specificity. At this fixed recall specificity, the AI system achieved higher sensitivity
than a majority of the radiologists.
However, given the fact that this database was not prospectively defined for this
study, caution should be taken in interpreting the results. In particular, although
most exams in the original studies are from screening, and all radiologists were in-
structed to score simulating a screening practice, the main limitation of this study is
that it was based on retrospective reader studies of enriched case sets. Therefore, the
human performance was affected by a "laboratory effect" that reflects the reading of
enriched datasets114. Since the main application of such an AI system would be a
screening setting, the stand-alone performance of the AI system on actual screening
data should be studied, including the distribution of lesions seen in screening, and
comparing it to the radiologists’ performance during actual screening interpretation.
Collecting such a high number of cancer cases and prospective readings from a sim-
ilarly large number of radiologists in an actual screening scenario, would be notably
challenging, however, requiring the collaboration of a very large number of centers.
Even if the AI system performed comparably to the human radiologists, there is still
room for improvement. There is no a priori reason why the AI system should not
be performing, at least, as the best radiologist. In our study, the AI system had an
AUC lower than the best radiologist in every dataset. This could be explained by
the fact that radiologists interpret more information (e.g. comparisons with prior
exams and contralateral breasts) than this version of this AI system. An ideal AI sys-
tem should be able to perform up to the limitations of the imaging modality itself;
in other words, be only incapable of detecting mammographically occult cancers,
while minimizing false positive findings. Determining the trade-off between cancer
detection and assessment of false positive findings would then be the only human
choice involved. However, to achieve a higher-than-human performance, the train-
ing of the AI systems might need to not be based on truth as established by humans.
Future work, not assessed in our study due to lack of information from the original
studies, is to analyze the AI system performance per lesion type, tumor character-
istics, or lesion location. For instance, evaluation of the sensitivity as a function of
false positive findings, taking localization into account (i.e., using free receiver oper-
ating characteristic analysis) should could be of interest, especially in order to verify
the potential of using such an AI system as a reader aid rather than as a stand-alone
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Figure 1.3: Differences (%) in sensitivity between the artificial intelligence (AI) system
and each radiologist, at the specificity of each radiologist considering BI-RADS ≥3 as
positive recall.
reader. Moreover, although most cases were collected from screening examinations,
a limitation is that we cannot know exactly how representative of an actual screening
population our dataset is, in terms of tumor size and types, since these characteris-
tics were not reported in the original study publications. Similarly, it is unknown
whether the better performing radiologists were the radiologists with the most ex-
perience, as the original studies did not report the individual experience of each
radiologist. Consequently, we cannot assess whether the AI system performs better
or worse than radiologists as a function of the experience of the latter. However, the
heterogeneity of experience seen in our data is representative of that seen in screen-
ing practice. Consequently, we can conclude that the AI system is as good as an
average screening radiologist.
Artificial intelligence that functions at the level of an expert radiologist for breast
cancer detection in DM images might herald a change in the breast healthcare work-
flow, whether in a screening or in a clinical setting. Yet we still need to determine
the optimal integration of such a system in the breast care pathway, prior to assess-
ing the final impact that this type of AI technology can have on patient care. In a
population-based screening setting, the possibilities of workflow enhancement via
implementation of an AI system are ample. One of the biggest potential benefits
lies in the possibility of using such a system in countries where there is a lack of ex-
perienced breast radiologists, which might, for instance, impede the development,
expansion, or continuation of screening programs. In these situations, AI could be
used as an independent stand-alone first or second reader115.
In parallel, it could also be used as an interactive decision support tool, pointing out
potential lesions, preventing overlook and interpretation errors that are relatively
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common in the reading of DM. However, for this aspect, the impact of automation
bias in decision making should be addressed. Furthermore, it is well known that the
very low prevalence of breast cancer in the screening population reduces the per-
formance of radiologists, increasing the risk of false negatives30,31. An AI system
tuned to achieve high sensitivity could be used to automatically discard a significant
amount of DM exams which are most likely normal, reducing the workload and re-
sulting in a case set with a higher prevalence of cancer for radiologists to read. The
higher sensitivity of the AI system at low specificity found in this study points to the
feasibility of this scenario. However, the drawbacks of introducing AI, especially as
stand-alone readers, have to be studied. Regulations to define the medico-legal con-
sequences when AI fails would have to be established. Equally, trade-offs between
patient outcome and cost-effectiveness have to be carefully addressed.
1.5 Conclusion
In this retrospective setting, the tested AI system based on deep learning algorithms
has similar performance as an average radiologist for detecting breast cancer in
mammography. These results were consistently observed across a large heteroge-
neous multi-center multi-vendor cancer-enriched cohort of mammograms. While
promising, the performance and the fashion of implementation of such an AI system
in a screening setting remains to be further investigated.
Appendix I - Per dataset analysis
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(g)
(h)
(i)
Figure 1.4: For each dataset (A-H, see Table 1.1 for details), the receiver operating
characteristic (ROC) curve of the artificial intelligence (AI) system is plotted against:
(left) the ROC curves and operating points of each reader, and (right) the ROC curve
and operating point of the average of radiologists.
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Abstract
Purpose: To compare breast cancer detection performance of radiologists reading
mammography exams unaided versus supported by an artificial intelligence (AI)
system.
Materials and methods: An enriched retrospective, fully-crossed, multi-reader multi-
case study was performed. Screening DM exams from 240 women (median age: 62
years, range 39-89) acquired between 2013 and 2017 were included. The 240 exams
(100 cancers, 40 false positive recalls, 100 normals) were interpreted by 14 Mam-
mography Quality Standards Act-qualified radiologists, once with and once with-
out AI support, providing a BI-RADS score and probability of malignancy. AI sup-
port provided radiologists with: interactive decision support - clicking on a breast
region yields a local cancer likelihood score; traditional lesion markers for computer-
detected abnormalities; an exam-based cancer likelihood score. Area under the re-
ceiver operating characteristic curve (AUC), specificity and sensitivity, and reading
time were compared between conditions using mixed models Analysis of Variance
and generalized linear models for multiple repeated measurements.
Results: On average, AUC was higher with AI support compared to unaided read-
ing (0.89 vs 0.87, P=0.002). Sensitivity increased with AI support (86% (86/100)
vs 83% (83/100), P=0.046), while specificity trended towards improvement (79%
(111/140) vs 77% (108/140), P=0.06). Reading time per case was similar (unaided=146
seconds, AI-supported=149 seconds, P=0.15). The AI system alone achieved a simi-
lar AUC as the average of the radiologists (0.89 vs 0.87).
Conclusion: Radiologists improved their cancer detection in mammography when
using an artificial intelligence (AI) system for support without requiring additional
reading time.
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2.1 Introduction
Breast cancer screening using mammography is considered effective in reducing
breast cancer-related mortality2,5. However, the large number of women screened
and some countries’ use of double-reading of exams creates a high workload that
poses a threat to efficiency, especially considering the increasing scarcity of screen-
ing radiologists12. Moreover, it is of paramount importance to minimize misses and
interpretation errors of visible lesions in digital mammography (DM), which con-
tribute to at least 25% of detectable cancers being missed6–9.
Computer-aided detection (CAD) systems were introduced as an aid for radiologists
trying to improve human detection performance. Despite some studies indicating
that single-reading plus CAD could be a viable alternative to double reading115–118,
few, if any, have identified the actual benefit of using single-reading plus CAD in
comparison to single-reading alone (i.e., the actual benefit on radiologists’ perfor-
mance in screening)35. In general, the benefit of using CAD in screening is still un-
clear. Most evidence shows no clear improvement in the cost-effectiveness of screen-
ing, mainly because of the low specificity of most traditional CAD systems35,36,119.
However, substantial improvements in artificial intelligence (AI) with deep convo-
lutional neural networks (commonly known as deep learning algorithms) are reduc-
ing the difference in performance between humans and computers in many medical
imaging applications39, including breast cancer detection43. Therefore, this new gen-
eration of deep learning-based CAD systems may finally allow for an improvement
in breast cancer screening program performance40. Apart from the evolution of AI
algorithms, the aid that the AI system provides can also play a role in improving
screening. Previous studies have shown that using CAD concurrently as a decision
support tool helps radiologists more than the traditional approach with prompts for
assessing soft tissue lesions44,45.
The benefit, if any, of interactive AI-based systems on radiologists’ performance re-
mains to be assessed, in terms of overall diagnostic performance and efficiency. The
purpose of this study was to compare breast cancer detection performance of radiol-
ogists reading mammography exams unaided versus supported by a commercially
available AI system.
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2.2 Materials and Methods
This retrospective study was HIPAA-compliant. Our study was performed with
anonymized, retrospectively collected DM exams from screening. Women were in-
cluded from two different institutions, one in the United States (Collection Center
A) and one in Europe (Collection Center B). Informed consent and ethical approval
to use anonymized data was waived, after IRB review at Collection Center A and
under national law at Collection Center B.
Study Population
The flowchart of collection and final selection of DM exams is detailed in Fig. 2.1.
First, the sample size and exam type distribution for our observer evaluation study
population were estimated based on the results of a similar previous study44, using
the unified method proposed by Hillis et al120 in order to yield a study power > 0.8.
This resulted in a target dataset of 240 DM exams (100 cancer, 40 false positive, 100
normal).
Figure 2.1: Flow chart of the exam selection. CRF = case report form.
Mammogram collection
To ensure that there are enough DM exams from which to select the final sample, at
least 55 cancer exams, 30 false positives exams, and 60 normal exams were set to be
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collected by each Collection Center. For collection, the single inclusion criterion was
women presenting for screening with no symptoms or concerns. Exclusion criteria
were women with implants and/or a prior history of breast cancer. DM exams were
consecutively collected: from Collection Center A exams were retrieved over several
blocks of samples between June 2013 and March 2017, while from Collection Center
B a single block of exams acquired between January 2014 and February 2015 was re-
trieved. Exams from each type (cancers, false positives, normals) were consecutively
collected until meeting the numbers defined above. A total of 546 DM exams were
collected in total (110 cancer, 76 false positive recalls, 360 normals). For each collected
exam, a case report form (CRF) was obtained, detailing patient demographics, lesion
characteristics and histopathology.
Mammogram selection
First, to ensure appropriate image quality, all 546 collected exams were reviewed by
one radiologist (13 years of experience with DM) not participating in the observer
study. Nine cancer exams were excluded during this revision (3 because of poor im-
age quality, 3 because it was not possible to link the CRF findings to the DM exam,
and 3 because the exams showed extremely obvious signs of breast cancer). From the
remaining data, a randomized selection was performed to meet the predefined dis-
tribution of exams. The same number of exams was included from each Collection
Center.
Population characteristics
The characteristics of the DM exams included for the observer study are shown in
Table 2.1. All DM exams were bilateral and contained two views (cranio-caudal -CC-
and medio lateral-oblique -MLO-). The DM exams were acquired with two different
systems: Lorad Selenia (Hologic, Bedford, MA) at Collection Center A, and Mammo-
mat Inspiration (Siemens Healthineers, Forchheim, Germany) at Collection Center B.
The prior DM exam, if available, was included for evaluation (the total number of
women with prior exams was 192: 76 cancers, 37 false positives, 79 normals).
Cancers were verified by histopathology (Table 2.2), while false positives were ver-
ified by histopathology (n=11) or at least one-year negative follow-up (n=29). All
normal exams had at least one-year negative follow-up. Seventy cancers presented
as soft tissue lesions (including mass lesions, architectural distortions, and asymme-
tries, which were grouped because of the relatively low number of the latter two
categories) and 35 as calcifications (5 lesions presented both soft tissue lesions and
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Center A
(n=120)
Center B
(n=120)
Total
(n=240)
Mean/Median age (y) 61/62 60/61 61/62
Complete age range (y) 39-89 (47-72) 50-70 (56-64) 39-89 (53-66)
Breast thickness (mm) 58 (48-66) 55 (48-64) 57 (48-65)
Breast density a: 5%
b: 65%
c: 25%
d: 5%
a: 18%
b: 46%
c: 28%
d: 8%
a: 12%
b: 55%
c: 27%
d: 6%
Glandular dose (mGy) 1.60 (1.39-1.93) 1.18 (0.97-1.37) 1.38 (1.14-1.64)
Table 2.1: Characteristics of the DM exams selected for the study. Unless otherwise
specified, median values and interquartile ranges (within parentheses) are shown.
calcifications).
The reference standard for each DM exam was established by an experienced breast
radiologist with access to the CRF. Each exam was defined as cancer, false positive,
or normal. The location in all views (lesions were delineated) and characterization
(morphological appearance and histology) of cancers and of findings that led to false
positive recalls was recorded. Based on the reference standard, the median size of
the cancers in mammography was 13 mm2 (interquartile range = 4 - 22 mm2).
Histology Lesion type
Invasive ductal carcinoma 64 Mass 54
Ductal carcinoma in situ 13 Calcifications 35
Invasive lobular carcinoma 18 Asymmetry 10
Invasive tubular carcinoma 6 Arch. Distortion 6
Other 3
Table 2.2: Characteristics of the 100 malignant cancer DM exams included in the
study. Five exams showed both calcifications and mass lesions, and four exams pre-
sented with two histological cancer types (e.g., invasive ductal carcinoma and inva-
sive lobular carcinoma).
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AI support system
The AI computer system used by the radiologists for support was TransparaTM (ver-
sion 1.3.0, Screenpoint Medical BV). This system is designed for automated breast
cancer detection in mammography and breast tomosynthesis (DBT). The system
works on processed mammograms, it is compatible with exams acquired with sys-
tems from different vendors and analyzes information across the four standard views
of a DM exam (CC and MLO of both breasts).
The system uses deep learning convolutional neural networks, feature classifiers and
image analysis algorithms to detect calcifications95,96 and soft tissue lesions43,97–99
in two different modules. Soft tissue and calcification findings are later combined
to determine suspicious region findings. A value between 1-100 is assigned to each
region, representing the level of suspicion that cancer is present (100 means the high-
est suspicion). Finally, proprietary algorithms are used to combine the scores of all
detected regions in CC/MLO right/left breast images into the exam-based score,
namely Transpara Score, which ranges between 1-10 (10 represents the highest like-
lihood of cancer). This score represents the overall likelihood that cancer is present
in the mammogram. The Transpara Score is calibrated in such a way that the number
of mammograms in each category is roughly equal in a screening setting (i.e. 10% of
screening mammograms fall into category 1, 10% in category 2, etc.).
The AI system is trained, validated, and tested using a database containing over
9,000 mammograms with cancer (one third of which are presented as lesions with
calcifications) and the same number of mammograms without abnormalities. The
mammograms originate from devices from four different vendors (Hologic, Siemens,
GE Healthcare, Philips Healthcare). The AI system is validated on an independent
internal multi-vendor dataset, which has not been used for training or validation of
the algorithms. The mammograms used in this study have never been used to train,
validate or test the algorithms.
In practice, when using this system for support, radiologists can make use of three
features:
• Interactive decision support can be activated for any specific breast region by
clicking on it, for which the system then displays its level of suspicion (1-100),
if something in that area has been detected (otherwise nothing is displayed,
except for a small cross indicating the clicked location)
• Traditional computer-aided detection is available to display calcification and
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soft tissue lesion markers, with the false positive rate of the prompts set lower
for soft tissue lesions than for calcifications (0.02 and 0.2 per image, respec-
tively).
• On a whole-exam basis, the system always displays a proprietary exam score
(so-called Transpara Score) between 1-10.
Observer evaluation
A fully-crossed, multi-reader multi-case evaluation with two sessions (separated by
at least 4 weeks) was performed to test both reading conditions: unaided or with AI
support. The evaluation was performed at two different centers (Evaluation Centers
A and B, both in the USA).
Fourteen Mammography Quality Standard Act (MQSA) qualified radiologists per-
formed the evaluation. Three were general radiologists and eleven were dedicated
breast radiologists. The median experience with MQSA qualification was 9.5 years
(range 3-25), and the approximate average number of mammograms read per year
over the last two years was 5,900 (range 1,200-10,000).
During each session, radiologists read half the exams with AI support and half un-
aided. Radiologists were blinded to any information about the patient, including
previous radiology and histopathology reports. Before the first session, each radiol-
ogist was individually trained in a session with 45 exams not included in the final
evaluation. The training was intended to get radiologists familiar with the evalu-
ation workstation, the evaluation criteria and with the AI support system (e.g. to
understand how to use all its functionalities). Readers were also informed that the
study dataset was enriched with cancer mammograms with respect to the standard
prevalence seen in screening.
For each exam, radiologists provided a forced Breast Imaging Reporting and Data
System (BI-RADS) score (1-5) and a probability of malignancy (PoM) between 1-100
(100 represented highly suspicious of malignancy). During training, they were in-
structed to use the full extent of the PoM scale with anchor points as a guide. For
instance, transition BI-RADS 2 to BI-RADS 3 was recommended at a PoM of 40, tran-
sition BI-RADS 3 to BI-RADS 4 was recommended at a PoM of 60, and transition
BI-RADS 4 to BI-RADS 5 was recommended at a PoM of 80.
The evaluation was performed in an in-house developed workstation, using a 12-MP
529288-L-sub01-bw-Ruiz
Processed on: 21-2-2019 PDF page: 53
Impact of AI in radiologists’ performance 43
mammographic display (Coronis Uniti, Barco, Kortrijk, Belgium) calibrated to the
DICOM GSDF (Digital Imaging and Communications in Medicine Grayscale Stan-
dard Display Function). Readers could adjust window/level and could zoom/pan.
Ambient lights were set to approximately 45 lux. Half the readers used the AI sys-
tem integrated in the reading workstation (at Evaluation Center A), while the other
half used the AI system on a separate screen from the workstation (a Microsoft PRO
Surface Tablet, at Evaluation Center B).
Statistical analysis
The main endpoints of the study were to compare the area under the receiver op-
erating characteristic (ROC) curve, sensitivity and specificity, and reading time be-
tween reading unaided or reading with AI support. Secondary analyses (listed be-
low) were also performed to obtain detailed knowledge of the effect of using AI
system for support reading mammograms. The reported P-values of the secondary
endpoints are not adjusted for testing multiple hypotheses, and therefore we refrain
from claims on significance of secondary endpoints. Instead, the secondary analy-
ses are only meant to be supportive of our main hypotheses. Area under the ROC
curve (AUC), specificity and sensitivity, and radiologists’ reading time were com-
pared between reading conditions using mixed models Analysis of Variance and
generalized linear models for multiple repeated measurements. Statistical analysis
was performed with SPSS (version 24, 2016, IBM Inc., Armonk, NY) and open ac-
cess OR-DBM (Obuchowski-Rockette and Dorfman-Berbaum-Metz) software (ver-
sion 2.5, 2014, Medical Image Perception Laboratory University of Iowa, IA, avail-
able from http://perception.radiology.uiowa.edu/).
ROC performance ROC curves and their AUC were computed using the PoM
score of the radiologists. The OR-DBM mixed model analysis of variance yielded
a P-value for rejecting the null hypothesis that readings unaided or with AI support
have equal performance121–124. A P-value < 0.05 indicated significant difference be-
tween both reading conditions. Secondarily, to identify possible strengths and weak-
nesses of the study as function of the different types of mammograms and readers
employed, five subgroup sub-analyses were also performed:
• Subgroups of exams by lesion type (soft tissue or calcifications)
• Subgroups of exams by DM system (Hologic or Siemens)
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• Subgroups of exams by breast density (low -a and b categories- or high -c and
d categories-)
• Equal subgroups of radiologists based upon years of experience (lower 50%
versus higher 50%)
• Similarly, in a separate secondary sub-analysis, localization of the findings of
the readers was considered, to avoid that readers were rewarded for detecting
a cancer when they marked the wrong location. In this analysis, if a reader did
not annotate a malignant lesion within 1.5 cm from the center of the ground
truth of the lesion, this reading was modified to the lowest PoM used by that
reader across our whole study.
Sensitivity and specificity Sensitivity and specificity for each reading condition
(i.e., with or without AI support) were computed using the BI-RADS scores. The
reader-averaged sensitivity and specificity for each modality were computed using
a generalized linear model (GLM), thus taking repeated measures by multiple read-
ers into account. This binary logistic GLM was built considering reading condition,
reader, and the interaction term as factors. Parameters were bootstrapped (n=1000).
Chi-square statistics and confidence intervals were based on the Wald test. A P-value
< 0.05 indicated significant difference between both reading conditions.
Reading time Reading time per case was automatically measured by the work-
station software used for the observer evaluation. Average reading times per case
were compared between reading conditions with a GLM similar to the one described
above but using reading time per case as the dependent variable. For this analysis,
outliers defined as values extending beyond 1.5 times the standard deviation of the
data were removed. These were considered unreliable because readers might have
been interrupted. A P-value < 0.05 indicated significant difference between both
reading conditions.
A learning curve for the AI system in relationship to reading time was evaluated.
The GLM analysis for reading times was repeated for two subsets of the data, rep-
resenting data from the first reading session (first time use AI system) and the data
from the second reading session, after the washout period (second time use AI sys-
tem). Secondarily, reading time sub-analysis was also done in two scenarios:
• Differentiating between the radiologists using the AI system on the worksta-
tion and those using the AI system on the separate viewer.
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• As a function of the Transpara Score (1-10), creating a sub-group of low-suspicion
(1-5) exams and another one of high-suspicion (6-10) exams.
Stand-alone computer system performance Stand-alone AUC of the computer sys-
tem was compared to the radiologists’ AUC when reading mammograms in the un-
aided mode as a secondary study outcome. The ROC of the AI system was computed
using a continuous version of the Transpara Score. This analysis was done using a
single-modality multiple-reader OR model described in a paper by Hillis123. This
test yields a P-value for rejecting the null hypothesis that computer and the radiolo-
gists have equal performance.
2.3 Results
ROC performance Radiologists improved their detection performance when using
AI support, with the average AUC increasing from 0.87 to 0.89 (+0.02, P = 0.002)
(Fig. 2.2). Per reader, the changes in AUC ranged from +0.01 to +0.05, being higher
when reading with AI support for twelve out of the fourteen radiologists (equal AUC
for the other two readers). AUC was higher when using AI support in all subgroup
scenarios with a similar effect of +0.02 (Table 2.3).
Sensitivity and specificity On average, sensitivity increased with AI support (86%
(86/100) vs 83% (83/100), P=0.046), while specificity trended towards improvement
(79% (111/140) vs 77% (108/140), P=0.06). Examples of exams where the total num-
ber of correct recall assessments across readers changed between reading conditions
are shown in Figures 2.3, 2.4 and 2.5. In total, there was a disagreement (at least
three radiologists changed their assessment between reading conditions) in 32 ex-
ams: in 72% (23/32) of exams there was an increment in the number of readers mak-
ing the right interpretation when using AI support, while the opposite happened in
the other 28% of exams (9/32).
Reading time On average, reading time per case was similar in the unaided ses-
sions (146 seconds, 95% CI: 143-149 seconds) and the sessions with AI support (149
seconds, 95% CI: 146-152 seconds) (not significant: P = 0.15). Reading time increased
for nine out of fourteen radiologists (range 0.5-10%) while it decreased for five (range
0.3%-22%) (Fig. 2.6). A total of 2.7% (181/6,720) of all the reading times were defined
as outliers and excluded from this analysis.
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Figure 2.2: Average receiver operating characteristic curves under both reading con-
ditions, unaided and with the use of artificial intelligence (AI) support. The average
is computed across the 14 radiologists participating in this evaluation. Area under
the curve is shown within parentheses.
The reading times were closer to each other between reading unaided and reading
with AI support during the second block of sessions (2 seconds, not significant: P =
0.70) than in the first (5 seconds, not significant: P = 0.09). There were differences be-
tween reading unaided and with AI support as a function of the computer Transpara
Score (P< 0.001, Fig. 2.6). For the low-suspicion exams (scores 1-5), radiologists de-
creased their average reading time per case by 11% when using the AI system. On
the other side, reading time per case was higher when using AI support for the high-
suspicion exams (scores 6-10) by 2%. Assuming that in a screening population each
Transpara Score category includes the same number of exams (therefore exams with
score 1-5 are 50% of the total, and 6-10 the remaining 50%), averaging the above-
mentioned results is expected to lead to an overall reduction in reading time per
case of 4.5% when using the AI system in screening.
Stand-alone computer system performance The stand-alone breast cancer detec-
tion performance of the AI computer system was similar to the radiologists’ average
performance (radiologists’ average AUC = 0.87 versus computer AUC = 0.89, +0.02,
P = 0.33; see Fig. 2.7).
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Population Unaided with AI support Difference
All 0.87 0.89 +0.02 (0.01, 0.03)
P = 0.002
Soft tissue lesions 0.88 0.90 +0.02 (0.0, 0.03)
P = 0.033
Calcifications 0.88 0.90 +0.02 (0.0, 0.05)
P = 0.10
Hologic images 0.84 0.86 +0.02 (0.0, 0.04)
P = 0.09
Siemens images 0.89 0.91 +0.02 (0.0, 0.04)
P = 0.03
Low breast density 0.88 0.90 +0.02 (0.01, 0.03)
P = 0.003
High breast density 0.83 0.85 +0.02 (-0.01, 0.05)
P = 0.15
Least exp. radiologists 0.87 0.90 +0.03 (0.01, 0.04)
P = 0.003
Most exp. radiologists 0.87 0.88 +0.01 (0.0, 0.03)
P = 0.08
AI-workstation 0.87 0.89 +0.02 (0.0, 0.03)
P = 0.04
AI-separate viewer 0.86 0.88 +0.02 (0.01, 0.04)
P = 0.01
Location specific 0.84 0.87 +0.03 (0.01, 0.04)
P = 0.003
Table 2.3: Area under the receiver operating characteristic curve (AUC) of the average
of readers, for reading mammograms unaided and with artificial intelligence (AI)
support. Parentheses show 95% confidence intervals.
2.4 Discussion
In our study we found that breast radiologists had a higher diagnostic performance
as measured by the area under the receiver operating characteristic curve with sup-
port from an AI system, compared to reading unaided. Average reading times per
case were comparable under both conditions. This improvement in diagnostic per-
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Figure 2.3: Mammogram of a 71 year old female participant with invasive ductal
carcinoma (outlined and with the level of suspicion score assigned by the computer
system) that was recalled (BI-RADS 3 or higher) by 4/14 radiologists when reading
unaided, but correctly recalled by 11/14 radiologists when using the artificial intel-
ligence system for support. The outlined areas and the scores are shown as in the
viewer of the AI system.
formance was observed in a cancer-enriched dataset of DM exams with a representa-
tive sample of abnormalities that may be observed in asymptomatic women under-
going mammography screening. The improvement in diagnostic performance with
the AI system was due to an increase in the middle part of the ROC curve. This
suggests that the AI system improves the evaluation of equivocal cases, suggesting
clinical relevance of this tool.
As expected, the improvement in AUC with AI support was higher for the radiol-
ogists who were least experienced with mammography. We did not observe a dif-
ference in unaided performance based upon experience. As suggested by Hupse et
al44, some experienced radiologists might tend to query the decision support more
times, obtaining most of the available prompt marks, which might reduce their per-
formance. The finding is remarkably similar to the reported benefits in performance
when adding digital breast tomosynthesis to mammography125, which is higher for
the least experienced radiologists. This might imply that more experienced radiolo-
gists are less likely, or slower, to adopt new techniques to improve their performance.
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Figure 2.4: Mammogram of a 62 year old female participant without cancer, which
was recalled (BI-RADS 3 or higher) by 12/14 radiologists when reading unaided, and
which was recalled by 7/14 readers when using the artificial intelligence (AI) system
for support. The outlined areas and the scores are shown as in the viewer of the AI
system.
Given the high workload of screening programs, from the cost-effectiveness point
of view, the performance benefit of using AI support is further enhanced by the fact
that radiologists do not lengthen their reading when using this system. In fact, in a
real screening scenario the average reading time per case would actually decrease by
approximately 4.5%. This means that the exam-based score provided by the system
has the potential to make radiologists’ readings more efficient, increasing their atten-
tion in the most suspicious exams while reassuring them in faster reading of the least
suspicious exams. Moreover, the observed learning curve implies that more practice
with the system might yield even shorter reading times.
In the secondary analysis, the stand-alone performance of the computer system was
found to be similar to the average performance of the radiologists. Even though
larger studies are needed to validate these findings, our results suggest that using
computer systems as a stand-alone first or second reader in screening programs
might be feasible. Given the increasing lack of (experienced) breast radiologists12,
this might even allow the development or continuation of screening programs.
There is a paucity of literature about the clinical performance of AI systems or deep
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learning-based traditional CAD systems to support reading of mammograms. So
far, published studies have mainly evaluated the stand-alone performance of AI.
Two studies by Kooi et al43 and by Becker et al41 found that in-house developed AI
algorithms could achieve a performance similar to the radiologist with lowest per-
formance in enriched and selected datasets, but only in very limited scenarios (e.g.
only soft tissue lesions). A study by Kim et al42 found that in-house developed AI
algorithms achieved a sensitivity of 76% at specificity of 89% in a screening dataset.
Despite the differences in datasets, our results support the observed trend that AI
algorithms are reaching a performance comparable to radiologists for breast cancer
detection in mammography.
Our study had some limitations. The main limitation is that the study was per-
formed with a highly enriched dataset with screen-detected cancers, instead of a
prospective assessment in screening practice. Although the readers trended to im-
prove their recall when using the AI system, in some exams the computer might
have misled radiologists into false positive assessments. Future improvements of
the algorithms, especially using temporal information, are likely to improve the ben-
efit of AI support. Moreover, readers were aware of the high rate of malignancies
in the case set, which may have resulted in a "laboratory effect"114. Ideally, future
studies should assess the benefit of AI support in an actual screening setting. Fur-
thermore, our study was performed with radiologists from the United States only,
whereas screening practice and recall rates vary substantially around the world.
Consequently, the net effect of the AI system might also vary based upon geograph-
ical regions and local policies.
2.5 Conclusion
In conclusion, radiologists improved their diagnostic performance for detection of
breast cancer in mammography using an artificial intelligence computer system for
support without requiring additional reading time. However promising, studies
within a screening scenario should be performed to validate these findings and seize
the real effect of AI support in screening.
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Figure 2.5: Mammogram of a 62 year old female participant without cancer, incor-
rectly recalled (BI-RADS 3 or higher) by only 1/14 radiologist when reading unaided
but recalled by 5/14 radiologists when using the artificial intelligence (AI) system
for support. The outlined areas and the scores are shown as in the viewer of the AI
system.
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(a) (b)
Figure 2.6: Differences in reading time per case, in seconds, between reading condi-
tions (a) for each radiologist (circles) and on average (square); and (b) as function of
the exam-based Transpara Score assigned by the system.
(a) (b)
Figure 2.7: Comparison of receiver operating characteristic curves between the radi-
ologists (reading mammograms unaided for the (a) individual radiologists, and the
(b) average of the radiologists) and the artificial intelligence (AI) computer system as
a stand-alone. Radiologists’ operating points at BI-RADS 3 thresholds are indicated
with the circle markers. Area under the curve is shown within parentheses.
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Abstract
Purpose: To study the feasibility of automatically identifying normal digital mam-
mography (DM) exams with artificial intelligence (AI) to reduce the breast cancer
screening reading workload.
Materials and methods: 2,652 DM exams (containing 653 malignant lesions) and
interpretations by 101 radiologists were gathered from nine previously performed
multi-reader multi-case receiver operating characteristic (MRMC ROC) studies. An
AI system was used to obtain a score between 1 and 10 for each exam, represent-
ing the likelihood of cancer present. Using all AI scores between 1 and 9 as pos-
sible thresholds, the exams were divided into groups of low- and high-likelihood
of cancer present. It was assumed that, under the pre-selection scenario, only the
high-likelihood group would be read by radiologists, while all low-likelihood ex-
ams would be reported as normal. The area under the reader-averaged ROC curve
(AUC) was calculated for the original evaluations and for the pre-selection scenar-
ios, and compared using a non-inferiority hypothesis.
Results: Setting the low/high-likelihood threshold at an AI score of 5 (high-likelihood
if greater than 5) results in a trade-off of halving the workload to be read by radiolo-
gists while excluding 7% of true positive exams. Using an AI score of 2 as threshold
yields a workload reduction of 17% while only excluding 1% of true positive exams.
Pre-selection did not change the average AUC of radiologists (inferior 95% confi-
dence interval > -0.05) for any threshold except when setting it at the extreme AI
score of 9.
Conclusion: It is possible to automatically pre-select exams using AI to significantly
reduce the breast cancer screening reading workload, with limited effect on cancer
detection.
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3.1 Introduction
Population-based screening programs with digital mammography (DM) reduce mor-
tality from breast cancer due to the earlier detection of the disease2,5, but their effi-
ciency is continuously under discussion4,126.
False positive findings lead to negative effects such as unnecessary workup, partic-
ipant anxiety and reluctance to re-attend screening, as well as a reduction in cost-
effectiveness26. On the other hand, since the program-based sensitivity of screening
is approximately 75%127, false negative findings may lead to false reassurance and
ultimately a delayed cancer detection. One of the reasons why mammographically
visible cancers are missed is the low prevalence of cancer (approximately, 10 per
thousand) in a screening population30,31.
Computer-aided detection (CAD) systems to improve mammography reading have
been used since the beginning of this century. However, so far no study has found
any direct improvement in screening outcomes, likely because of the low specificity
of these traditional CAD systems35,36. The recent breakthrough in artificial intelli-
gence (AI) performance, based on the use of deep learning algorithms, is now closing
the gap between human and computer performance in many applications related to
medical imaging39.
Novel AI systems may, therefore, be able to improve the performance and efficiency
of population-based screening programs40. For mammography evaluation, deep
learning-based systems have demonstrated a stand-alone performance as good as ra-
diologists (see Chapter 1), as well as a significant improvement of radiologists’ breast
cancer detection accuracy when used for decision support (see Chapter 2). However,
this radiologist-like performance may enable other uses of AI for mammography
evaluation in screening. Of particular interest are approaches aimed at reducing
workload, considering the increasing scarcity of (breast) radiologists in some coun-
tries12.
In this work, we explore the possibility of using an AI system to pre-select likely-
normal mammograms. This was done using an AI system that provides an exam-
based score denoting the likelihood of cancer present in the mammogram. We an-
alyzed the effects on performance of excluding exams with a low score (i.e. low-
likelihood of cancer present) from reading, which would reduce the screening work-
load for radiologists and increase the cancer prevalence in the actually evaluated
images.
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3.2 Materials and Methods
Data and population characteristics
Digital mammograms were collected from nine previously performed multi-reader
multi-case (MRMC) observer studies44,83,85,100–104. The review board at each institu-
tion waived local ethical approval and informed consent, or approved the use of the
anonymized patient data for retrospective research.
All the datasets of the MRMC studies were enriched with exams with cancer. The
ground truth of each DM exam, in terms of cancer present, benign lesion present,
or absence of abnormalities, was confirmed by histopathology and/or at least one
year of follow-up. During each MRMC study, each DM exam was evaluated by mul-
tiple breast radiologists who provided malignancy scores for each exam (BI-RADS
and/or level of suspicion).
In total, 2654 exams (653 with cancer, 768 with benign lesions, 1233 normal) and
readings by 101 radiologists (52% from the USA and 48% from Europe) were gath-
ered (yielding 28,296 independent exam interpretations). Approximately, half the
exams were from screening and half from clinical practice. Detailed information
about the tumor histology was not available. The DM images were acquired with
devices from four different vendors (Siemens Healthineers, Forchheim, Germany;
Hologic Inc, Bedford, MA, USA; General Electric Healthcare, Chicago, IL, USA; Sec-
tra Mamea, Solna, Sweden) across seven different countries. Further details of these
nine studies have previously been reported in Chapter 1 of this thesis.
Artificial intelligence system
For this study we used an AI system dedicated to breast cancer detection in DM and
digital breast tomosynthesis (Transpara 1.4.0, Screenpoint Medical BV, Nijmegen,
The Netherlands). The system is comprised of two modules which use use deep
learning convolutional neural networks and image analysis algorithms to detect cal-
cifications95,96 and soft tissue lesions97–99.
Based on these detected lesions and overall exam appearance, the AI system as-
signs an exam-based integer score denoting the likelihood that cancer is present in
the exam (hereafter AI score, also known as Transpara Score). This AI score ranges
between 1 and 10 (10 means high likelihood that a cancer is present in the exam).
The AI score is calibrated so that approximately the same number of normal exams
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(10% of the total) is assigned to each AI score category. In a population with low
prevalence of cancer (where most exams are normal), such as a screening popula-
tion, it may therefore be expected that approximately 10% of the total exams are in
each category. In a screening population, the 10% of exams scored 1 are predicted to
have the lowest risk of harboring cancer, while the 10% of exams scored 10 have the
highest risk of harboring cancer and logically contain most of the cancers. Since the
calibration of the AI score is performed only with screening mammograms without
abnormalities, the AI score is independent to the composition of the datasets.
The AI system was trained, validated, and tested using an external database repre-
sentative of screening containing over 9,000 mammograms with cancer (one third of
which are presented as lesions with calcifications) and 180,000 mammograms with-
out abnormalities. The AI score was also calibrated with this external database, using
only the normal mammograms. The mammograms used in this study have never
been used to train, validate or test the algorithms. The mammograms originate from
devices from four different vendors (Hologic; Siemens; General Electric; Philips) and
institutions across Europe, United States and Asia.
Automated pre-selection of cases
For this study, the distribution of the normal exams and those containing benign
or malignant lesions according to the ground truth was computed as a function of
the AI score. To divide the exams into two groups (excluded and pre-selected for
evaluation) we varied the threshold dividing these two groups across all possible AI
scores, i.e. from 1 to 9. Consequently, the pre-selection scenarios included exams-to-
be-evaluated as those with scores greater than 1, 2, 3, 4, 5, 6, 7, 8 or greater than 9
(equivalent to only pre-select category 10). For each threshold characteristics of the
exams in both groups were analyzed.
Under the pre-selection scenarios we assumed that readers would only evaluate ex-
ams in the pre-selected group (high-likelihood of cancer present), whereas exams in
the low-likelihood group would automatically be assigned a "normal" classification.
Given the calibration of the AI system, a pre-selection threshold of 5, for instance,
means that half of the exams in a screening program would be excluded from hu-
man reading. An estimation of how radiologists’ performance would change after
pre-selection was calculated by a posteriori modification of the original radiologists’
scores: for the exams in the excluded group, all the radiologists’ scores were auto-
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matically modified to the lowest possible value (e.g. 1). This implies that we as-
sumed invariance in human behavior for the pre-selected mammograms that were
above the threshold.
Statistical analysis
The breast cancer detection accuracy of radiologists in the original scenario was
compared to the simulated pre-selection scenario with a non-inferiority null hy-
pothesis106,107 based on differences in the average area under the receiver operat-
ing characteristic curve (AUC). The non-inferiority margin was set at 0.05, since it
was considered that differences below this margin are clinically unimportant. Non-
inferiority was concluded when thelower limit of the 95% confidence interval (CI)
of the AUC difference "pre-selection scenario" - "original reading" was greater than
the non-inferiority margin (-0.05). Confidence intervals were Bonferroni-corrected
for multiple comparisons.
To obtain the average AUC across all our data, we used the public-domain iM-
RMC software for analysis (version 4.0.0, Division of Imaging, Diagnostics, and Soft-
ware Reliability, OSEL/CDRH/FDA, Silver Spring, MD)108,109, which can handle
not fully-crossed study designs, such as the split-plot design resulting when pooling
the nine datasets from this study110. The reader-averaged ROC curves were created
by averaging the reader-specific non-parametric (trapezoidal) curves along lines per-
pendicular to the chance line112. This average is area-preserving; its AUC is equal to
the reader-averaged non-parametric AUCs.
3.3 Results
Performance of the AI system
The distributions of DM exams as a function of AI score are shown in Fig. 3.1 (for
each type of exam according to ground truth: a - normal, b - cancer, c- benign). As
expected, normal exams are distributed evenly across AI scoring categories, with an
average of 10.0% of normal exams per category (range 7.2% - 14.9%). For the exams
containing cancer, 72.5% are categorized within the highest cancer-present likelihood
category (10), whereas 95.1% lie in the categories 5-10. In comparison, only 27% of
exams containing benign lesions is in category 10. An example of an exam with
cancer that was assigned a low AI score is shown in Fig. 3.2.
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(a)
(b)
(c)
Figure 3.1: Distribution of (a) normal, (b) cancer, and (c) benign exams as a function of
AI score, representing the likelihood of cancer present (1-10, 10 means high likelihood
of cancer present). The contribution of each dataset to the overall percentage of exams
is shown.
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Figure 3.2: An example of the nine exams in our study that contained cancer but
were assigned an AI score of 1 or 2, the lowest cancer-present likelihood categories.
None of the 6 radiologists recalled this exam during the original MRMC study (read
without priors), suggesting that the cancer visibility with mammography is poor in
these exams (and in fact the cancer may have been detected by other means).
Automated pre-selection of cases
The proportion and type of exams that would be excluded from reading after a pre-
selection of exams using different pre-selection thresholds are depicted in Fig. 3.3.
The trade-off between reducing screening reading workload (e.g. excluding normal
exams) and excluding exams containing cancer from the reading is shown: halving
the workload of screening can be achieved if only exams with scores higher than 5
are read, at the expense of excluding 7% of cancer exams. With a threshold of 2 for
pre-selection, for instance, only 1% of exams containing cancer are excluded but the
reading workload is reduced by up to 17%. Simultaneously, these thresholds would
reduce the cases containing benign lesions by 27% and 5%, respectively, thus reduc-
ing the number of false positive recalls substantially.
After the pre-selection of exams, assuming invariance of reader behavior, the average
accuracy of the radiologists did not change. The AUC for the reading of the pre-
selection population was non-inferior to the AUC of the original population. This
was significant (lowest Bonferroni-corrected 95% CI > -0.05, AUC differences were
less than 1%, see Fig. 3.4) for all possible thresholds except for 9, when only exams
in the highest cancer-present likelihood category (10) would be evaluated (low 95%
CI = - 0.052, AUC decreased by 2%).
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Figure 3.3: Proportion (%) of exams that would be excluded from the final sample to
be evaluated by the radiologists, using all possible AI scores as thresholds values for
pre-selection for reading.
3.4 Discussion
In this work we have evaluated the feasibility of using an AI system to automati-
cally discriminate between screening mammography exams that have a higher and a
lower likelihood that cancer is present. Our study shows that exams with a lower AI
score might be safely excluded from human evaluation since the cancer prevalence
in these exams is much lower than in an unselected population, thus potentially re-
ducing the reading workload for radiologists.
If such a pre-selection scenario is to be considered, our results point to a trade-off
between reducing workload and risking to exclude exams with cancer, which de-
pends on the threshold chosen to create the two groups. With a low threshold, we
observed a relatively safe scenario with an approximate reduction of 17% in work-
load at the expense of excluding 1% of exams with cancer from reading (at a cancer
detection rate in screening of approximately 6/1000, the cancer prevalence in this
group would be approximately 0.3 per 1.000). With a threshold set at an AI score
of 5, the workload reduction increases to 47%, at an expense of 7% of cancers. Nev-
ertheless, the exams with cancer in this study do not only originate from screening
but also from clinical practice, and it is reported that some cancers in the original
reader study were detected by other means such as palpation, ultrasound or breast
tomosynthesis. This likely means that the reported percentage of excluded exams
containing cancer in this study might be overestimating the actual exclusion pro-
portion of screen-detected cancers. A limitation of our study is that we cannot an-
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(a) (b)
Figure 3.4: (a) ROC curves and (b) change in AUC values of the average of radiol-
ogists in the original population, as well as in all possible pre-selected populations
(using all possible AI scores as thresholds values for pre-selection for reading, if the
case is not pre-selected the radiologist score is converted to the lowest possible cancer
suspicion score for the MRMC study).
alyze the above-mentioned results per detection mode (screening or clinical), per
histopathological type of cancers or per breast density, because this information is
not available from the original studies.
Our results suggest that pre-selection of exams does not lead to a reduction of the
overall detection performance of radiologists, with the AUC varying by less than
1%. This supports the theory that cancers missed by AI are also missed by radiolo-
gists, probability due to their low mammographic visibility.
We assumed invariance in reading of the pre-selected mammograms. However, in
actual screening practice, there might be several factors affecting radiologists’ scor-
ing of pre-selected exams. The higher prevalence of cancer in the pre-selected cohort
might lead to a higher sensitivity for breast cancer, as in practice it is easier to de-
tect abnormalities when their frequency is relatively high30. Likewise, it would be
interesting to investigate whether reading the pre-selected group of mammograms
in a specific order, e.g. from higher to lower AI score, is also of added value (as
cancer prevalence increases with increasing AI score). It would also be possible to
increase the recall rate in the pre-selected cohort on purpose (by lowering the recall
threshold), in order to counter-balance the exclusion of the cancer containing mam-
mograms with a low AI score. The fact that more benign lesions are excluded likely
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makes this possible without increasing the overall recall rate.
The exclusion of cases with benign lesions likely improves the specificity of screen-
ing, thus reducing possible harms associated with false positive recalls. The similar-
ity of ROC curves after exclusion of cases suggest indeed that the negative effect of
dismissing exams with cancer is partially balanced by dismissing also false positive
assessments. However, it may be assumed that most benign abnormalities with a
relatively low AI score will be lesions that are classified as certainly benign by breast
radiologists without biopsy, therefore the effect on the fraction of women that un-
dergoes biopsy for benign lesions may be smaller.
While in this study we propose automatic labeling of mammograms that would
never be read by human radiologists, an alternative possibility is to use the auto-
matically created groups of exams to differentiate cases that need double reading,
from cases for which single reading is sufficient. Such a strategy may be valuable for
e.g. European screening programs, where double reading is a practice, and may be
of special interest for programs that use breast tomosynthesis as the imaging tech-
nique for screening, because of the longer reading time per case80,103. The effects of
such stratification should be further evaluated.
Improvements of the computer system, such as inclusion of temporal information
from prior exams will presumably further enhance the pre-selection, as the current
system only uses information from the current DM exams. Evaluation of other sys-
tems and versions should be regularly performed considering the rapid speed of
evolution in the field of machine learning.
Our study had several limitations. The used datasets were not obtained from screen-
ing, but were enriched with cancer cases. The exams were not double read, as is
common practice in screening in Europe, but independently read by multiple radi-
ologists per case. The mix of screening and clinical data may have also introduced
cancers that have different characteristics from screen-detected cancers, which might
bias our results. Since we have no histological characteristics of the tumors, we can-
not be certain of the impact of the cancers that were excluded from human reading
based upon the AI score on women’s health. However, because mass screening per
se is a balance between benefits, harms, and costs for the society, pre-selection of pos-
sibly abnormal and definitively normal cases may be a valid alternative for current
screening practice. Further testing of such a pre-selection scenario in real screening
populations is required to validate our findings in terms of effect on recall rates, true
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positive and false positive screening assessments, and interval cancer rates.
3.5 Conclusion
We present a new strategy to reduce the reading workload in mammography-based
breast cancer screening programs which does not appear to decrease the detection
performance of radiologists, by using an AI system to automatically pre-select exams
for radiologist evaluation while excluding those exams which have a low likelihood
of harboring cancer from human reading.
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Abstract
Purpose: To develop a set of accurate 2D models of compressed breasts undergoing
mammography or breast tomosynthesis, based on objective analysis, to accurately
characterize mammograms with few linearly independent parameters, and to gen-
erate novel clinically realistic paired cranio-caudal (CC) and medio-lateral oblique
(MLO) views of the breast.
Materials and methods: We seek to improve on an existing model of compressed
breasts by overcoming detector size bias, removing the nipple and non-mammary
tissue, pairing the CC and MLO views from a single breast, and incorporating the
pectoralis major muscle contour into the model. The outer breast shapes in 931
paired CC and MLO mammograms were automatically detected with an in-house
developed segmentation algorithm. From these shapes three generic models (CC-
only, MLO-only, and joint CC/MLO) with linearly independent components were
constructed via principal component analysis (PCA). The ability of the models to
represent mammograms not used for PCA was tested via leave one out cross valida-
tion, by measuring the average distance error (ADE).
Results: The individual models based on six components were found to depict
breast shapes with accuracy (mean ADE-CC=0.81 mm, ADE-MLO=1.64 mm, ADE-
Pectoralis=1.61 mm), outperforming the joint CC/MLO model (P≤0.001). The joint
model based on 12 principal components contains 99.5% of the total variance of the
data, and can be used to generate new clinically realistic paired CC and MLO breast
shapes. This is achieved by generating random sets of 12 principal components, fol-
lowing the Gaussian distributions of the histograms of each component, which were
obtained from the component values determined from the images in the mammog-
raphy database used.
Conclusion: Our joint CC/MLO model can successfully generate paired CC and
MLO view shapes of the same simulated breast, while the individual models can be
used to represent with high accuracy clinical acquired mammograms with a small set
of parameters. This is the first step towards objective 3D compressed breast models,
useful for dosimetry and scatter correction research, among other applications.
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4.1 Introduction
Mammography is considered the gold standard for detection of early breast can-
cer, the second leading cause of death in women in developed countries after lung
cancer.35 Population-based screening programs with full field digital mammogra-
phy (FFDM) have the potential to reduce mortality,4 but still 15-30% of the cancers
may be missed.128,129 In recent years, it appears that the performance of the screen-
ing programs may be enhanced with the inclusion of digital breast tomosynthesis
(DBT).52,75 However, the clinical performance of both modalities still has room for
improvement.
The development of novel state-of-the-art image processing algorithms could help
improve breast cancer detection and diagnosis with FFDM and DBT. Much of this re-
search requires simulating realistic breast shapes undergoing mammography. Some
examples of this research are scatter correction64–66,130,131 and lesion detection al-
gorithms.132,133However, other areas of research such as patient dosimetry,134–138
image registration,139,140 and 3D breast software phantoms141–147 could also benefit
from objective shape models of compressed breasts.
Until now, most of the above-mentioned studies use simplistic compressed breast
models like a semi-elliptical approximation for the cranio-caudal (CC) mammogra-
phy view or a subjective model for the medio-lateral oblique (MLO) view. This may
limit the applicability of their results. Others developed more accurate compressed
breast shapes from 3D uncompressed breast software phantoms, by using compres-
sion algorithms, but still result in a limited number of possible shapes.
Feng et al developed for the first time an objective 2D model of the shapes of com-
pressed breasts undergoing mammography.148 However, there were some limita-
tions in that work that could be overcome in order to have a more reliable model. In
this work, we improve the accuracy, usability, and clinical relevance of their model.
The need for improvement mainly lies in the detector size bias which could lead to
a model more representative of smaller breasts than one of average size. Addition-
ally, we now include three new features, not assessed in any of the previous models,
that increase the significance of the model. These features are the automatic mod-
eling of the pectoralis muscle shape, an enhanced segmentation algorithm able to
limit the region of interest to only the breast tissue within the mammogram, and a
joint CC/MLO model including CC and MLO views from the same simulated breast.
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As a result, we present a more accurate 2D model of compressed breasts undergoing
mammography or breast tomosynthesis based on objective analysis, able to repre-
sent the shape of acquired clinical mammography views with a small set of param-
eters and also able to generate novel clinically realistic paired CC and MLO views
from the same random breast.
4.2 Materials and Methods
The methods follow the same general approach as in the work by Feng et al.148
A mammography database undergoes automated edge detection, and afterwards
principal component analysis (PCA)149 is performed to represent the variance in
the breast shapes to a small number of linearly independent variables. Even if we
only use mammography images to build the model, our model is also valid for DBT
since the central projection of DBT is geometrically equivalent to a mammographic
acquisition Three models are created from this analysis: one for CC views, one for
MLO views, and a joint CC/MLO model able to represent and generate both views
of the same compressed breast undergoing mammography. A new mammography
database with a larger detector size, enhanced edge detection algorithms, inclusion
of the pectoralis muscle, and the joint model are used to improve the accuracy and
relevance of the models with respect to the work by Feng et al. The full edge seg-
mentation algorithm and all the PCA and statistical analysis are implemented in
MATLAB R2016a (MathWorks, Natick, MA, USA).
Mammography database
The mammography database used for the PCA consists of 982 paired CC and MLO
view digital mammograms. This database consists of screening mammograms ac-
quired at the Breast Imaging Center of Emory University, and was compiled retro-
spectively with IRB approval. All mammograms were visually inspected for correct
positioning and adequate image quality (JRM). The mammograms were acquired
using various equivalent Selenia Dimensions digital mammography systems (Ho-
logic Inc, Bedford, MA, USA). These systems are equipped with 24 × 29 cm direct
flat panel detectors with a pixel size of 70 µm. The average projected area (com-
puted from the segmented contour of each mammogram), compressed breast thick-
ness, and the employed compression force (retrieved from the DICOM header of the
mammogram) were analyzed for both the CC and MLO views for comparison with
other mammography databases found in the literature.
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Automated edge detection
The automated edge detection algorithms are similar to those employed by Feng et
al, but with further optimizations. After automated detection of the breast contour,
several processes are run to delineate only the actual breast tissue. The nipple is
automatically detected and removed from the contour and the pectoralis muscle is
delineated on the MLO view. In addition, since many mammograms include non-
mammary tissue in the field of view, these tissues are removed before PCA analysis
so an accurate breast shape model can be developed. Finally, the contours are sam-
pled to a fixed number of points, used for the PCA. All 982 CC and MLO views are
fully processed with the algorithm described below, which was validated by human
observers.
Raw breast edge
Initially the mammogram is automatically thresholded to obtain a binary image,
thus separating tissue from the background. Connected components are later ex-
tracted from this image and all the non-adjacent extraneous parts are excluded from
the breast.150 A first raw breast edge for each CC and MLO view is then located using
the Sobel gradient operator and edge thinning.150 If the mammogram corresponds
to the left breast, it is mirrored on the vertical axis to build a consistent database for
all images, so the nipple always points in the same direction.
Nipple detection and removal
The nipple is located by detecting larger than average changes in the gradient of the
breast contour curve. First, the normal vector of the raw edge is computed at every
coordinate point. The data is limited to a range of interest comprising the coordinate
points located between 1/4 and 3/4 of the total raw edge perimeter, starting from
the top left corner of the image.
A running standard deviation is computed as follows. For every coordinate point,
the normal vector values for W consecutive points are grouped together, where W
is the total number of points in the raw edge divided by 50 (this value was selected
by trial-and-error) (Fig. 4.1a). Then the standard deviation of the angles of the nor-
mal vectors within each group is computed and plotted (Fig. 4.1b). The background
value (BG) of this profile is calculated as the mean of the values below half of the
profile absolute maximum. Peaks at least 3 times greater than the BG level (again
determined by trial-and-error) are detected. If found, it is assumed that the peaks
correspond to the nipple location. Usually several consecutive peaks are found since
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the nipple often generates more than one change of direction on the breast contour
(outwards and inwards). It is also assumed that the nipple is located within the co-
ordinate points represented by the first and last peaks. Once identified, these profile
points are removed and replaced with a 2nd order polynomial, computed from the
surrounding points (Fig. 4.1c). The new points are generated with the same sample
rate than the original points.
Figure 4.1: Schematic of the method to detect and remove the nipple. See text for
more details.
Lateral (CC) and inframammary fold (MLO) non-mammary tissue removal
To detect and remove the lateral non-mammary tissue on the CC view, and the in-
framammary fold tissue on the MLO view, the same strategy explained in section
2.2.2 is followed. However, for this case the search is limited to the coordinate points
located after 3/4 of the total raw edge perimeter. If present, these features usually
generate only one change of direction, represented as one peak in the profile. This
change of direction occurs on the lower part of the breast contour and can reach more
than 90 degrees.
Medial non-mammary tissue removal in the CC view
The medial non-mammary tissue in the CC view does not always involve a pro-
nounced change of direction from the breast contour of the mammogram, and hence
the strategy of sections 2.2.2 and 2.2.3 cannot be used. To detect if this correction
is necessary, the original image is thresholded again to the T percent of the original
threshold level obtained in section 2.2.1, and then its raw sub-edge is computed. The
analysis is limited to the coordinate points located within the first 1/4 of the total
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raw edge length (starting from the top left of the image).
Starting with T = 10%, this value is progressively increased until the minimum dis-
tance (D1) between the raw original edge and raw sub-edge is below 1 cm (Fig. 4.2).
Once this condition is met, the ratio between D1 (found at point P) and the distance
between both profiles directly on the chest-wall side (D2) is computed (Fig. 4.2). If
the ratio is less than 0.6, it is assumed that there is non-mammary tissue. If so, all
the points from the chest-wall to P are removed and then replaced with a 2nd order
polynomial computed from the points directly after P (Fig. 4.2). Both values 1 cm
and 0.6 are determined by trial-and-error.
Figure 4.2: Diagram of the method to detect and remove the medial non-mammary
tissue. D1 is the closest distance between the original edge and the sub-edge (found
at point P), while D2 is the distance between both edges directly on the chest-wall
side. See text for more details.
Pectoralis detection
The pectoralis muscle on the MLO view, is detected following a variant of the method
described by Wei et al151. A rectangular region of interest is generated, starting from
the top left corner of the MLO raw edge (which is the [0, 0] coordinate). The height
is 90% of the maximum height coordinate found on the MLO raw contour, and the
width is 95% of the width displayed on the upper part of the MLO view, before the
529288-L-sub01-bw-Ruiz
Processed on: 21-2-2019 PDF page: 82
72 Chapter 4
contour starts ascending in height. This ROI is further subdivided in 3 cm height
sub-ROIs, with the same width. For every sub-ROI of the image, the histogram is
computed (Fig. 4.3).
For the first sub-ROI, the most prominent local minimum of the histogram is de-
tected following Wei et al. This is the minimum with the largest height differences
between adjacent maxima (Fig. 4.3a). Every local minimum represents a set of points
(Fig. 4.3b). The search is always limited to sets of points that generate a line that falls
within -35° and -95°. Furthermore, in every set of points the outliers are removed,
which are defined as those points with a standard deviation (SD) higher than twice
the SD found when fitting all of them to a line.
Figure 4.3: Diagram of the method to detect and delineate the pectoralis muscle on
the MLO view. Image (a) exhibits the histogram of the sub-ROI displayed on (b),
which includes the points associated with the prominent local minima of the his-
togram. Image (c) shows all the points detected within the total pectoralis ROI, and
their corresponding 5th order polynomial fit. See text for more details.
Validation
To validate the above described algorithms, we tested the accuracy of the process
with human observers. First, upon completion of the development of the algorithm,
the appropriateness of the segmentation of the edges of all 982 mammograms was
evaluated by the first author (ARR). For independent validation, two samples of 50
paired two-view mammograms were assessed for accuracy of the segmentation al-
gorithm, one by a radiology resident with a PhD in breast imaging (JvZ), and one
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by a PhD candidate with more than two years of experience in breast imaging (SV).
For this assessement, the observers used a scale of 1 to 5, where 1 equals an inappro-
priate representation of the breast shape, 3 equals a sufficiently good representation,
and 5 represents a perfectly segmented shape. Thus, 3 or higher was defined as a
successful representation of the breast shape.
Principal component analysis: model generation
Following the same procedure as detailed in Feng et al, the subset of points repre-
senting the breast edges and the pectoralis muscle can be reduced to a smaller set of
linearly independent variables via PCA, comprising most of the information present
on the data points.149 Three different models are created, each of them with its own
set of linearly independent variables: a CC-only model, an MLO-only model, and a
joint model considering the MLO and CC edges of the same breast. The pectoralis
muscle contour is always considered as an appendix to the MLO edge.
For every model, a covariance matrix, cov(X ), defined as:
cov(X )=
∑N
i=1 (xi − x¯) · (xi − x¯)T
N −1 (4.1)
where N is the total number of processed images, and xi is the vector containing the
(x,y) coordinates of the breast contour of the image i (for the joint model, xi contains
both the CC and the MLO edges). The n largest eigenvalues of the matrix render
the n principal components of the model, which are represented by the correspond-
ing eigenvectors (e j ). A matrix E with dimensions corresponding to the number of
coordinates times n, is built assembling e j . The matrix E can be used to build the
modeled edge (tm) of any segmented contour (ti ), used or not for the PCA analysis,
using:
tm = x¯+
n∑
j=1
[(
ETE
)−1
ET (ti − x¯)
]
j
·e j (4.2)
where n is the number of principal components used to build E . The factors multi-
plying each e j are hence the n first principal components that characterize ti . The
purpose of the individual CC and MLO models is to characterize breast shapes with
a small set of parameters (backward application), while the joint model is better to
generate new, realistic, linked CC and MLO contours from a randomly generated
breast (forward application).
Therefore, for the joint model, the histograms of the eigenvalues of the first 12 PCA
parameters (found to be enough to represent the breast shape in detail) are computed
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and then fit with a Gaussian distribution (mean µ, standard deviation σ). For further
characterization of this model, possible dependencies between the PCA parameters
and the breast area and thickness are analyzed. Furthermore, the exact influence of
each parameter j on the breast shape is studied after varying its value independently,
from (µ j - 2σ j ) to (µ j + 2σ j ), while the other parameters are held constant at their
mean values.
Testing of PCA-based edge representation of mammographic shape
The ability of the PCA models to characterize breast shapes with a small set of pa-
rameters is tested via leave-one-out cross-validation.152 Each image j , of the total of
k used for the main PCA model, was modeled with a PCA built from the other k−1
images. For each of these images, the modeled edge (tm) is computed according to
Eq. 4.2. The accuracy of tm is calculated via the average distance error (ADE, in mm)
between the modeled and the original edge ti :
ADE = (Tm ∪Ti )− (Tm ∩Ti )
0.5(Li ∪Lt )
(4.3)
where Tm and Ti are the areas of binary images created by shape filling the edge
tm and ti , of length Lm and Li , respectively. The ADE is compared when using dif-
ferent number of principal components as well as between the joint and individual
models at a fixed number of components, by performing a paired t-test. The ADE is
separately computed for the CC, MLO and pectoralis muscle shape.
4.3 Results
Mammography database
Table 4.1 shows the average values of the projected breast area, compressed breast
thickness, and compression force for both CC and MLO views from the set of 931
mammograms used to build our model. Only a weak relation between thickness
and projected breast area is found, after studying different possible relations among
the three parameters (Fig. 4.4).
Automated edge detection
From the 982 paired mammograms, 51 (5.2%) were discarded by the human observer
as our algorithm failed to successfully segment the breast contour. Therefore, our
database was reduced to 931 paired mammograms. The ratings of both experienced
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Projected
breast
area (cm2)
Compressed
breast
thickness (mm)
Compression
force (N)
CC view 163.1±72.7 (151.4) 60.3±13.3 (62) 102.9±25.2 (101.0)
MLO view 214.0±74.7 (202.3) 60.7±14.5 (62) 119.1±32.3 (115.6)
P-values <0.001 0.55 <0.001
Table 4.1: Average value ± standard deviation of the projected breast area, com-
pressed breast thickness and compression force for both mammography views from
our study population. Medians are shown in parentheses.
observers on the accuracy of the edge segmentation are shown in Table 4.2. Of the
cases not scored as 5, observer number 1 reported problems in the pectoralis muscle
in 89% percent of the cases and observer 2 in 59% percent of the cases. Similarly,
observer 1 reported problems with the medial non-mammary tissue segmentation in
11% of the cases, and observer 2 in 29% of the cases. Almost all of the edges (98% for
observer 1 and 96% for observer 2) were scored as at least successful representations
of the breast shape (defined as a rating of 3 or higher).
Rating 1 2 3 4 5
Observer 1 30% 54% 14% 2% 0%
Observer 2 22% 36% 38% 4% 0%
Table 4.2: Percentage of cases given each accuracy rating on the performance of the
automated edge detection algorithm by the two expert observers. Each observer rated
a different sample of 50 paired mammograms.The employed scale ranges from 5 (per-
fect) to 1 (inappropriate).
Examples of the automated edge detection can be seen in Fig. 4.5. The delineated
breast edges are overlaid as dots in yellow (see online version for color). The dif-
ferent anatomical parts considered as non-breast tissue that our algorithm aimed to
detect and correct are indicated by arrows.
Principal component analysis
After performing PCA and obtaining the three different models, CC-only, MLO-only
and joint CC and MLO, we observe in Fig. 4.6 that the individual models contain a
larger proportion of the variance of the breast shapes for a given number of principal
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Figure 4.4: Compressed breast thickness (in mm, extracted from the DICOM header)
as function of the projected area of the breast in the mammogram (in cm2, computed
as the area enclosed by the automated segmented edge), for each of the 931 CC and
MLO mammograms used to build our models.
components used to build the model than the joint model. To reach 99% of cumula-
tive variance, the CC-only model needs 4 components, the MLO-only model needs
7 components, and the joint model requires at least 10 components. As expected, all
the models converge towards 100% for higher number of parameters.
The first 12 principal components (labeled from alpha -α- to nu -ν-) of the joint CC
and MLO model were successfully fit to Gaussian functions (Fig. 4.7). It was found
that the first parameter α was better fit to a two-term Gaussian (two-term R2 = 0.96
versus one-term R2 = 0.82). The same applies for the second parameter β (two-term
R2 = 0.99 versus one-term R2 = 0.95). We note how the standard deviations of the
Gaussian fits decrease with increasing order of the component.
PCA joint-model for novel breast shape generation (forward appli-
cation)
We use the Gaussian fits (Fig. 4.7) of the parameters of the joint model for the gen-
eration of novel breast shapes. By taking the mean values of the distributions (for
the first 12 parameters) we obtain an average compressed breast shape as shown in
Fig. 4.8 (top), where a randomly generated shape is also plotted on the bottom for
comparison. The projected area of this model-generated average breast is 154.4 cm2
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Figure 4.5: Examples of the edge segmentation performed by our algorithm for paired
CC and MLO views, highlighting the areas that were removed. Example of paired
views qualified as 5 by the independent resident radiologist (top), and a pair scored
as 2 (bottom), due to the failure to completely remove the non-mammary tissue on
the medial side of the CC view and to accurately follow the pectoralis muscle edge in
the MLO view (white arrows).
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Figure 4.6: Cumulative percentage of the total variance represented by the models
(CC-only, MLO-only and joint CC and MLO model), as a function of the number of
principal components included.
in the CC view and 206.2 cm2 in the MLO view (where 39.1 cm2 corresponds to the
area encompassed by the model-generated average pectoralis muscle). The average
CC view breast can be approximated, by matching the area, to a semiellipse of ra-
dius 10.5 cm in the x direction and 10.2 cm in the y direction. Nevertheless, actually
the average CC view is not symmetric on the horizontal axis since there is an area
displacement towards the lateral side of the breast.
Figure 4.8 (top) also includes plots of the average breasts found by Feng et al. Two
features can be seen in the comparison between those shapes and the ones generated
here that show the impact of the changes incorporated in this new model. First,
the current model results in larger average breasts, perhaps a demonstration that
the previous database, being limited to breasts that fit in a 19 x 23 cm2 detector,
introduced a size bias. Second, in addition to the smaller MLO average breast, the
influence of the inclusion of the infra-mammary fold in the Feng et al MLO view
shape is apparent, resulting in a considerably different breast shape representation.
As supplementary material at https://doi.org/10.1002/mp.12186, a spreadsheet
with the necessary data to apply this model and generate novel linked CC and MLO
breast shapes is provided. In this spreadsheet, the user can select an estimate of the
breast size to generate (large, medium, small, random), as well as turn on or off the
generation of the pectoralis edge. An a posteriori condition was also implemented to
prevent the pectoralis muscle shape to go beyond the MLO contour. Moreover, the
user can generate a large batch of random paired breast profiles. This spreadsheet
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Figure 4.7: Histograms and Gaussian fits of the eigenvalues of the first 12 (labeled
from alpha -α- to nu -ν-) principal components of the joint CC and MLO model. The
first two components, alpha (α) and beta (β), were found to be better represented by
a two-term Gaussian. All the R-squared parameters of the fits were above 0.95.
also includes diagrams showing the influence on the breast shape of each of the first
12 parameters. A strong relationship is found between the first parameter, alpha,
and the compressed breast projected area (Fig. 4.9) and hence can be used to estimate
breast size. No relationship among any of the other parameters with the projected
breast area is found, as they simply regulate detailed features of the breast shapes in
both views and in the pectoralis muscle.
PCA for shape representation (backwards application)
For each of the analyzed shapes (CC, MLO and pectoralis muscle), the individual
models exhibit lower ADEs than the joint model at any particular number of com-
ponents (Fig. 4.10), with P≤0.001.
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All the models showed a consistent improvement to represent more accurately the
different shapes with increasing number of principal components (P≤0.08), as seen
in Fig. 4.10. In particular, when going from 2 to 6 components, the CC-only model
average ADE decreases by 75% (from 3.21 to 0.81 mm), in the MLO-only model it
decreases by 63% (from 4.40 to 1.64 mm), and with the joint model it decreases by
49% (from 4.90 to 2.47 mm, averaged for all shapes).
For the individual models, in order to reach an average ADE below 1 mm, the CC
edge requires at least 5 components, the MLO shape requires 9 components and
the pectoralis shape needs at least 10 components. Some examples of the ADEs for
CC and MLO images obtained with the individual models using 2 and 6 principal
components are displayed in Fig. 4.11.
4.4 Discussion
We have developed three objective models of compressed breast shapes undergoing
mammography, which improve the accuracy and clinical relevance of the work by
Feng et al.148 With our study, we provide the first step into more complex applica-
tions that require the use of objective and clinically relevant 2D and 3D models of
compressed breasts undergoing mammography or tomosynthesis, either by model-
ing breast edges with a small set of parameters or by generating new random CC
and MLO views from the same breast, based on objectively-obtained models.
The mammography database we have employed to develop the models has simi-
lar size properties (Tab. 4.1) than the ones used by other authors. The compressed
breast thickness (60.3 mm in CC and 60.7 mm in MLO) is similar to the one reported
by Young et al153 (56.3 mm in CC and 59.3 mm in MLO, using 87,122 images in the
United Kingdom) and Branderhorst et al154 (60.7 mm using 1851 mammograms from
the Netherlands, and 59.9 mm using 9,188 images from the US). Moreover, we have
found an equivalent mean breast thickness between the two mammography views,
as reported also by Timmers et al155 (59.1 mm in CC and 60.1 mm in MLO, using 179
mammograms in the Netherlands). This might be due to the use of a higher com-
pression force in the MLO view with respect to the CC view. The average projected
breast areas in each view, computed from the automatically detected edges by our
algorithm, are smaller than the ones reported by Timmers et al, but still comparable.
The automated edge detection has proven to be successful, but the degree of com-
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plexity introduced in the algorithm leads to different levels of precision as confirmed
by the validation study. This is the main limitation of this study, but it should not be
significant since more than 95% of the detected edges are qualified as successful rep-
resentations of the actual breast shapes. The problems in the segmentation algorithm
have been found to be mainly localized in the pectoralis muscle and the medial non-
mammary tissue segmentation. However, for the pectoralis, the observers reported
randomly over- and under-estimations of the edge, thus its impact on the shape rep-
resentation might be low.
The application of the PCA generated models can be in two different directions:
backwards (by characterizing any breast edge contour of an obtained mammogram
with a small set of parameters) and forwards (generating new random clinically rel-
evant breast shapes). For the latter, a joint model (not present in the work by Feng et
al) allows us to generate objective paired CC and MLO views from a same randomly
generated breast, increasing the potential applications of the model. The projected
area of the average generated CC view (154.4 cm2) is between the mean and the me-
dian areas of the CC view mammograms in the database, pointing to the validity of
the PCA. Furthermore, this value is in agreement with the one reported by Boone et
al for the average breast in the CC view (157.3 cm2, from 82 patients in the US).156
Also, the average projected areas are significantly greater than the ones obtained by
Feng et al (Feng et al: CC: 144 cm2 and MLO: 191 cm2 vs. this work: CC: 154 cm2 and
MLO: 206 cm2), overcoming the main bias of that study (based on mammograms ac-
quired with a 19x23 cm2 flat panel detector).
We observe how the individual models contain a greater cumulative variance than
the joint model for the same number of components (Fig. 4.7). Thus, they are more
optimal for the backwards application, since we can achieve more accurate repre-
sentations of breast shapes for a given number of components. Also, it has to be
considered that CC and MLO views are independent. The ADEs of the individual
models are similar to the ones reported by Feng et al, despite having a bigger vari-
ability within our database due to the larger detector size and higher number of
mammograms employed. This might be caused by our enhanced edge detection al-
gorithm, which removes some of the non-mammary features in the mammograms,
such as the inframammary fold in the MLO view and small irregularities where the
nipple is located.
Note that the backwards application of our models is independent of the algorithm
employed to segment the image, as long as it has similar aims as ours when it comes
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to detect only the actual breast tissue. In general, it is found that with the individual
models, 4 components are enough to have an accurate modeling of a breast shape
undergoing mammography.
The joint CC and MLO shapes model has been implemented on an Excel worksheet,
available for download as supplementary material at https://doi.org/10.1002/
mp.12186, where the user can automatically generate novel clinically relevant paired
CC and MLO breast shapes, each from the same randomly generated breast. Differ-
ent breast sizes (large, medium, small, random) can also be selected, which results in
the spreadsheet using different values for the first component of the model, alpha.
The pectoralis muscle can be turned on or off, since it has been found that some-
times the model can randomly generate pectoralis shapes that go beyond the MLO
contour due to the independence of the parameters. The influence of the 12 first prin-
cipal components on the breast shape is also included allowing custom-generation
of novel objective contours of mammography breast shapes.
This joint model could help in the development of 2D and 3D breast software phan-
toms and in the generation of large libraries of clinically relevant breast shapes.
These libraries could be used in Monte Carlo simulations to compute scatter correc-
tion maps or accurate dosimetry values, both for mammography and digital breast
tomosynthesis. With the individual models, new mammograms acquired in the
clinic can be quickly characterized by a small set of parameters, and then matched
to the corresponding closest scatter map within our library.
4.5 Conclusion
In this work, we develop a set of objective models of compressed breasts undergoing
mammography. These models are a continuation of the work by Feng et al,148 and
they overcome the main bias of that study since now we work with mammograms
acquired with a standard flat panel detector size. Furthermore, we also improve the
relevance and accuracy of the models as the breast shapes are automatically seg-
mented to a region of interest containing only actual breast tissue, we model the
pectoralis shape, and we obtain a joint model for CC and MLO paired views.
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Figure 4.8: Paired CC and MLO shapes of the average breast (top), and from a ran-
domly generated breast (bottom), using our 12-component joint model, and the corre-
sponding list of the eigenvalues of these breast shapes. For comparison, the average
shapes generated by Feng et al based on a mammography database acquired with a
smaller detector size are also included. The axes units are expressed in cm.
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Figure 4.9: The α parameter (first component) of the joint model computed from
every case used on the PCA as a function of the breast surface encapsulated by the
segmented edges, for both the MLO and CC views. The data can be fit to a power
function, showing how the MLO and CC increase in size in a similar fashion with
increasing α.
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Figure 4.10: Whisker box plots comparing the ADE obtained with the individual
models and the ADE from the joint model, for every analyzed shape (CC, MLO and
pectoralis muscle). All the models showed a consistent improvement in representing
the breast shape more accurately with an increasing number of components, show-
ing both lower median values and lower values for the percentiles. The individual
models perform better for all shapes in comparison to the joint model.
Figure 4.11: Examples of modeled CC and MLO breast edges (not used in PCA analy-
sis) and their average distance error, by using either 2 or 6 principal components with
the individual models.
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Abstract
Purpose: To characterize and develop a patient-based 3D model of the compressed
breast undergoing mammography and breast tomosynthesis.
Materials and methods: During this IRB-approved, HIPAA-compliant study, 50
women were recruited to undergo 3D breast surface imaging with structured light
(SL) during breast compression, along with simultaneous acquisition of a tomosyn-
thesis image. A pair of SL systems were used to acquire 3D surface images by pro-
jecting 24 different patterns onto the compressed breast and capturing their reflec-
tion off the breast surface in approximately 12 - 16 seconds. The 3D surface was
characterized and modeled via principal component analysis. The resulting sur-
face model was combined with a previously developed 2D model of projected com-
pressed breast shapes to generate a full 3D model.
Results: Data from ten patients were discarded due to technical problems during
image acquisition. The maximum breast thickness (found at the chest-wall) had an
average value of 56 mm, and decreased 13% towards the nipple (breast tilt angle
of 5.2°). The portion of the breast not in contact with the compression paddle or
the support table extended on average 17 mm, 18% of the chest-wall to nipple dis-
tance. The outermost point along the breast surface lies below the midline of the
total thickness. A complete 3D model of compressed breast shapes was created and
implemented as a software application available for download, capable of generat-
ing new random realistic 3D shapes of breasts undergoing compression.
Conclusion: Accurate characterization and modeling of the breast curvature and
shape was achieved and will be used for various image processing and clinical tasks.
.
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5.1 Introduction
Digital mammography (DM) and digital breast tomosynthesis (DBT) require me-
chanical breast compression during image acquisition. Several areas of research
in DM and DBT, such as scatter correction64,65,130,131 and thickness correction al-
gorithms,157,158 require simulating realistic 3D compressed breast shapes. More-
over, other areas of research like patient dosimetry,134–136,138 breast density estima-
tion,159,160 image registration and segmentation,139,140 and 3D breast software phan-
toms141,144–147,161 could also benefit from objective shape models of compressed breasts
to improve their accuracy and relevance.
Until now, most of this research uses simplistic compressed breast models both in
2D and 3D. For example, 2D projections are reduced to a semi-elliptical approxima-
tion for the cranio-caudal (CC) mammography view134,156 or a subjective model for
the medio-lateral oblique (MLO) view130. Also, the 3D curvature of the compressed
breast is also usually modeled as a semicircle157,158 or as an arbitrary polynomial65.
In our previous work148,162 we developed a 2D model of the projection of the outer
shape of compressed breasts in digital mammograms, based on the objective anal-
ysis of a previously acquired database of mammograms. Now, we include for the
first time the detailed characterization and modeling of the 3D compressed breast
tissue curvature between the support table and the compression paddle. This is
accomplished by directly imaging patients’ breast surface with state-of-the-art struc-
tured light technology. Structured light cameras are widely used to register static
surfaces in an ample diversity of fields, such as plant phenotyping163, authentica-
tion of paintings164, or for planning of allotransplantations165. Moreover, this tech-
nology can achieve more than 10 times the resolution of DBT to characterize breast
surfaces. The DBT limited angular sampling results in a limited in-depth resolution,
ranging between 2 and 5 mm across systems57,166. To facilitate the applicability of
the model, we develop a software tool able to generate random realistic 3D shapes
of compressed breasts undergoing DM and DBT.
5.2 Materials and Methods
Study population database
During this IRB-approved, HIPAA-compliant study, 50 women presenting at the
Emory University Breast Imaging Center between October 2014 and March 2015 for
breast cancer screening were recruited after undergoing informed consent. They
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were consecutively enrolled and the only exclusion criteria was previous history of
mastectomy or lumpectomy.
Protocol and imaging techniques
The images of the breast surface were acquired with two sets of structured light scan-
ning systems. Structured light scanning combines a digital projector (K132, Acer
Inc, Xizhi, New Taipei, Taiwan) that projects 24 different patterns such as the one
shown in Fig. 5.1a onto the object of interest, with a digital camera (USB CMOS
Monochrome Camera 3.1-M, David Visions Systems, Palo Alto, CA, USA) that cap-
tures the reflection of these patterns. Acquisition of the entire series of patterns takes
approximately 6-8 seconds. The accuracy of these scans was previously tested with
phantoms of known thickness (Model 082, CIRS, Norfolk, VA, USA) and was found
to be 0.3 mm167.
After acquisition, computer software (DAVID-3 software, David Visions Systems)
processes the set of images to create a 3D representation of the surface of the scanned
object. Since this technology works with normal light, no radiation dose is involved,
and no laser light is used, requiring no eye protection. Two structured light scan-
ning systems were used to increase the breast coverage. The sets were mounted on
tripods and placed to the left and right side of the DM/DBT unit (Fig. 5.1b). The lat-
eral sides of the compression paddle were covered with a thin opaque tape to avoid
reflections and distortions in the images, hence this did not affect the normal clinical
scenario.
Figure 5.1: (a) Example pattern projected by the system during acquisition and (b)
photograph of structured light scanning system.
The patient’s breast was positioned on the support paddle and compressed as usual
for acquisition of a clinical CC-view DBT image. Afterwards, the two compressed
3D breast surface images were consecutively acquired, for a total scan time of 12-16
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seconds. In parallel to 3D surface image acquisition, a DBT CC view of the breast was
acquired with a Selenia Dimensions system (Hologic Inc., Bedford, MA, USA) in 3-4
seconds. By acquiring DBT simultaneously, patient movement between acquisitions
was minimized.
Post processing of the 3D breast surface
The raw images (Fig. 5.2a) from both 3D scanning cameras were first processed and
fused. Any signal not corresponding to the breast surface, such as from the com-
pression paddle or the support table, was removed (Fig. 5.2b). Then, the medial
and lateral scans of the same breast were aligned and fused using global fine regis-
tration (Fig. 5.2c). These processes were done manually using the DAVID-3 software.
3D characterization of the compressed breast surface: arcs
The breast surface between the compression paddle and the support table from each
patient was characterized with a set of 13 (chosen to characterize the breast every 15°)
equiangular-spaced arcs. For this, as seen from the top, the breast was considered as
a semi-circular object centered at the mid-point along the chest-wall (Fig. 5.3a). From
this center point, rays were cast out every 15° and their intersection with the breast
surface defined the location of these 13 arcs, from +90° (medial side) to -90° (lateral
side), where 0° describes approximately the nipple location (Fig. 5.3a). This process-
ing was semi-automatically performed with a script implemented in Rhinoceros 5
(McNeel North America, Seattle, WA, USA).
Arcs were post-processed with a script in Matlab 2016a (MathWorks, Natick, MA,
USA). Noise in the arcs was removed with a moving average, and, if apparent, the
nipple was detected and removed as detailed previously162. Finally, each arc was
resampled to 20 equispaced coordinate points (Fig. 5.3b).
Arcs instead of the whole surface mesh were chosen to represent the breast surface in
order to simplify its posterior characterization and modeling, especially considering
limited amount of patient data.
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Figure 5.2: Post processing of the 3D external breast surface: a) Raw surface images
acquired by the two scanning cameras, b) the signals that do not belong to the breast
surface are removed; and c) images from both lateral cameras are fused using a regis-
tration tool available in the software by the manufacturer, called global fine registra-
tion.
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Comparison of breast tissue coverage between imaging modalities
To determine the effectiveness of the surface scans in covering the entire compressed
breast, three breast dimensions were estimated from the surface scans and compared
to those obtained from the central DBT projection acquired simultaneously. Paired
t-tests were used to compare the metrics between imaging modalities.
SL image-calculated breast dimensions
First, the maximum thickness of the 3D breast surface, found on the chest wall, was
calculated and denote the structured light breast thickness (ThSL). Also, the max-
imum distance between the center point of the breast and the most anterior point
of the breast surface was computed and denoted the structured light chest-wall to
nipple distance (CNDSL). Then the largest area enclosed by the breast surface, con-
sidering the outermost perimeter, was computed and denoted the structured light
area (ASL).
Breast tomosynthesis image-calculated breast dimensions
From the central DBT projection, the thickness was retrieved from the DICOM header
(ThDBT ). The chest-wall to nipple distance (CNDDBT ) was calculated as the maximum
distance between the chest-wall edge of the image and the most anterior point of the
breast. Finally, the breast area (ADBT ) was computed by automatically detecting the
outer edge of the breast image and calculating the enclosed area, as previously de-
scribed162. The CNDDBT and ADBT were corrected for magnification69, assuming that
the projected image was generated from the center of the total breast thickness.
Analysis of the characteristics of the compressed breast external sur-
face
The thickness, width, and height of the apex (the outermost point along the height of
the breast) of each arc was calculated to study possible dependencies along the breast
contour (Fig. 5.3b). The difference between the maximum and minimum thickness
among arcs was also computed to obtain the tilt angle of the top surface of the com-
pressed breast between the chest-wall and the nipple.
Principal component analysis (PCA) of the breast surface arcs
Principal component analysis (PCA) of the arcs was performed with two different
datasets as inputs, in order to represent the breast surface with both a basic and a
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(a)
(b)
Figure 5.3: Example of the characterization of the breast surface displayed in Fig-
ure 5.2 with arcs. a) Semi-automated process of extracting 13 equiangular spaced
radial arcs of the breast surface every 15°, and b) the final result after post-processing
the arcs to remove inhomogeneities and artifacts.
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more advanced model. For the basic model, the same curvature was assumed for the
entire breast contour, hence it only modeled one arc. The dataset for the basic model
was composed only of arcs extracted at ±45° from each breast shape (after visual
inspection, found to be a good approximation of the average external surface along
the compressed breast). The arcs from each side (±45°) were considered independent
and thus the number of samples for the basic model is twice the number of patients
included. The advanced model involved all 13 arcs from each breast (from +90° to
-90°, as described above).
Principal component analysis
Following the same procedure as detailed previously,148,162 the set of arcs can be
reduced to a smaller set of linearly independent parameters via PCA, comprising
most of the information present in the data points.149 Based on the PCA results,
histograms were computed of the first twelve (found to be enough to represent the
breast surface in detail) PCA model parameter values of all studied breasts. These
histograms were fit with a Gaussian distribution (mean µ, standard deviation σ) to
generate new random arcs representing realistic objective model-based breast sur-
faces. The exact influence of each parameter j on the shape of the arcs was studied
after varying its value independently, from (µ j - 2σ j ) to (µ j + 2σ j ), while the other
parameters were held constant at their mean values.
Testing the basic model to represent arcs not used in the PCA
The ability of the basic PCA model to characterize arcs with a small set of parameters
was tested by leave-one-out cross validation.152 For this, the PCA model was built
repeatedly using all but one of the total k arcs available, varying which j arc was ex-
cluded from the set each time. For each of these k iterations, the j arc was modeled
with the PCA built with the other k-1 arcs.148,162 The similarity between the modeled
( jm) and the original arc ( j ) was tested with the discrete Frechet distance.
The Frechet distance is a wide-spread measure of the similarity between two curves.168
Eiter and Mannila (1994) presented in their work the discrete Frechet distance δdF
which is a good approximation of the continuous variable. Since our curves (arcs)
are depicted by a limited fixed number of points, 20, the discrete approximation that
considers curves as polygonal chains is appropriate for our purpose. Therefore, δdF
represents the maximum distance between two corresponding points among the en-
tire sets of points depicting the modeled edge ( jm) and the original edge ( j ). This
analysis was repeated for different number of PCA parameters, to determine how
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many were needed to obtain an adequate model.
Objective 3D model of compressed breast shapes
An objective full 3D model of compressed breast shapes was created from the in vivo
characterization of the patients breast shape. This model combines the PCA of the
arcs and the 2D projected outer breast shape model from mammograms reported
previously.162. The only overlap between Rodriguez-Ruiz et al and this paper is the
use of some of the segmentation methods and the PCA methodology, as described
above.
The 3D model was implemented on a Matlab GUI application, available for down-
load as supplementary material. With this application, the user can generate clinical
relevant shapes of compressed breasts undergoing acquisition of CC view DM and
DBT images. The 2D model and the model of the arcs were combined in a sequential
procedure described in Appendix I, which also depicts how the software tool works.
5.3 Results
Study population
The mean age of the patients included in the study was 59 years (range 42 - 76).
Post-processing of the breast surfaces revealed that the surface scans of 10 patients
(20%) had low image quality and were discarded. The main differences between the
composition of the included and excluded groups were race and breast thickness.
33% of all the non-Caucasian women enrolled in the study had to be discarded,
while 16% of Caucasians were discarded. Regarding compressed breast thickness,
excluded patients had breasts that were thicker by an average of 21% than those of
included patients (71.7 mm, range 59.5 - 81.5 mm; versus 59.1 mm, range 51.0 - 68.5
mm; P <0.05). Full characteristics of the enrolled, included and excluded population
can be found in Table 5.1.
Comparison of breast tissue coverage between imaging modalities
Table 5.2 shows the average values of thickness, chest-wall to nipple distance and
area measured by the SL 3D cameras and by DBT, while Fig. 5.4 shows scatter plots
comparing the values for each of these measurements per patient.
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Overall (n=50) Included (n=40) Excluded (n=10)
Age (y) 59 (9) 59 (9) 56 (10)
Race Caucasian: 38
Non-Caucasian: 12
C: 32
N-C: 8
C: 6
N-C: 4
Breast laterality Left: 25
Right: 25
L: 19
R: 21
L: 6
R: 4
Breast density a: 12, b:19
c: 18, d:1
a: 8, b:15
c: 16, d:1
a: 4, b:4
c: 2, d:0
Force (N) 98 (28) 97 (26) 102 (30)
Thickness (mm) 61.7 (13.3) 59.2 (11.8) 71.7 (14.3)
Table 5.1: Characteristics of the patients and the imaged breast shapes. Where appli-
cable, mean values, and standard deviations within parentheses, are shown. BI-RADS
breast density assessment was extracted from the clinical report. Thickness was re-
trieved from the DICOM header.
Area (cm2) CND (mm) Thickness (mm)
DBT projection 150 (58) 103 (26) 59.2 (11.8)
SL 3D cameras 145 (53) 97 (22) 56.2 (13.0)
P-values 0.09 0.03 <0.001
Table 5.2: Comparison of breast tissue coverage metrics between digital breast to-
mosynthesis and structured light 3D surface cameras. Mean values and standard
deviations within parentheses are shown. Thickness on the central DBT projection
was retrieved from the DICOM header.
Analysis of the characteristics of the compressed breast external sur-
face
As expected, it was found that breast thickness decreases towards the nipple direc-
tion, on average by 13% (standard deviation ±5%) of the height at the chest-wall
(Fig. 5.5), where 13.2 mm was the largest decrease found among patients. The me-
dial side (+90° direction) was 4.5±2.9 mm thicker than at 0°. The lateral side (-90°
direction) was on average 2.7±3.4 mm thicker than at 0°, and statistically different
than the thickness on the medial side (P<0.05). The breast thickness as function of
radial position along the breast surface can be fit to a second order polynomial (R2 =
0.99), with a minimum value at approximately -10° (Fig. 5.5).
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Figure 5.4: Scatter plots comparing the (a) thickness, (b) chest-wall to nipple distance
and (c) area of the imaged breasts computed from the digital breast tomosynthesis
images and the structured light 3D camera images per patient. The dashed lines rep-
resent identity.
Averaged across all arcs of all breasts, the thickness was 51.6±12.7 mm (-13% differ-
ence vs. DICOM-reported thickness).
The ratio apex height / total breast thickness showed higher values for the lateral
side (0.55 versus 0.43 on the medial side, Fig. 5.6). Averaged along the breast sur-
face, the relative apex height was 0.41±0.11, significantly lower than 0.5 (P<0.001).
This means that, on average, the most anterior portion of the compressed breast is
below the mid-height line (Fig. 5.7).
No clear relationship was found between the width of the arcs (Fig. 5.3b) and their
angular position along the breast surface. Only slightly larger widths on the nipple,
medial and lateral sides were found. The mean curvature width averaged across
arcs was 17±9 mm, which corresponds to 18% of the average CNDSL (Fig. 5.7). No
relationship was found between either arc width and CNDSL or ASL.
Considering an average CNDSL of 97 mm, all the above mentioned results correspond
to an average compressed breast tilt angle of 5.2° (Fig. 5.7). This value agrees (P = 0.3)
with the average breast tilt angle found across our population, 4.9° (CI 95%: 4.2-5.2°).
Also, the points of contact with the breast support plate and compression paddle are
not at the same location. At the compression paddle the breast is on average 6 mm
recessed than at the breast support plate (Fig. 5.7).
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Figure 5.5: Average thickness difference along the breast surface relative to the thick-
ness at the central radial position (0°). 90° indicates the medial side of the compressed
breast, and -90° corresponds to the lateral side. Error bars represent the ± standard
deviation.
Figure 5.6: Relative height of the apex as function of position along the breast surface.
90° indicates the medial side of the compressed breast, and -90° corresponds to the
lateral side. Error bars represent the ± standard deviation.
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Figure 5.7: Dimensions of the average compressed breast undergoing DM and DBT,
based on the breast surface images from 40 patients. Diagram not to scale.
PCA of the arcs: basic and advanced modeling
To include 99% of the cumulative variance encountered in the patient data, the three
first principal components of the simple model are needed, while the first ten of the
advanced model are needed. However, using the first four components of the ad-
vanced model encompasses 95% of the cumulative patient variance.
Using the basic model, the discrete Frechet distance between the modeled and orig-
inal arcs is shown in Table 5.3, as a function of the number of components included
in the PCA model. As expected, there is a consistent improvement in representing
the arc shape more accurately with an increasing number of components, showing
both lower mean values and lower values for the standard deviation. Examples of
the discrete Frechet distance can be found in Figure 5.8.
The mean arcs from both models are displayed in Fig. 5.9. It was found that for both
models, the first principal component (α) has a strong linear relationship (R2 > 0.96)
with breast thickness (Fig. 5.11). The other components define finer details of breast
curvature (Fig. 5.12). Since not all parameters are normally distributed in the models,
only the first 6 components are considered for the random generation of new arcs.
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Figure 5.8: Two examples of the discrete Frechet distance between the original and
modeled arcs for different number of components used in the PCA model.
Number of components of the basic model
2 3 4 5 6 7
δdF (mm) 1.7
(1.4)
0.5
(0.3)
0.4
(0.2)
0.3
(0.2)
0.3
(0.2)
0.2
(0.1)
Table 5.3: Discrete Frechet distance (δdF ) obtained during leave-one-out cross vali-
dation of the basic PCA model, as a function of the number of components used in
the model. The standard deviation is shown in parentheses. The δdF was computed
between the modeled and original arc excluded from the leave-one-out PCA model.
5.4 Discussion
A 3D model of compressed breast shapes is developed based on patient images ac-
quired with a new SL 3D surface imaging technique. The main application of our
models is the generation of new random compressed breast shapes. The basic model
could be useful for applications where there is no need for fine detail, for exam-
ple, the simulation of x-ray scatter, which is a low-frequency signal. The basic model
does not include a reduction in thickness from the chest wall to the nipple or varying
curvature along the breast surface, as opposed to the advanced model. However, it
still provides significantly better accuracy than a surface directly reconstructed from
a DBT scan. The advanced model could be used for breast modeling research, to
complement models with high internal complexity that might benefit a more accu-
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Figure 5.9: Mean arcs from the advanced model at different angles along the breast
surface (90° medial side, to -90° lateral side), and mean curvature arc of the basic
model (built from samples at ±45°).
rate external breast shape.
The decrease in breast thickness from the chest-wall to the anterior of the breast
found here is similar to results from other authors.169,170 The average minimum
thickness was found slightly displaced towards the lateral side (-10°, with respect
to the central radial position). This might be caused by the nipple, also reported to
be displaced towards the lateral side in our previous work.162 Thickness from SL
cameras is slightly smaller than DICOM-reported thickness, but we have to consider
that we did not measure it directly on the center of the breast at the chest-wall. There
is moderate agreement on breast tissue coverage between SL cameras and DBT im-
ages, so this could be expected.
The average CNDDBT measured in this work is comparable but slightly smaller to the
12.4 cm reported by Broeders et al.171 The average compressed breast tilt angle in the
chest-wall to nipple direction is slightly larger than the 1.3° tilt reported by Snoeren
and Karssemeijer with an indirect measurement,157 but it lies within the range of
0-8.53° directly measured by Mawdsley et al.169
The relative height of the outermost point of the compressed breast is below the
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mid-line of the breast curvature (statistically significant lower than 0.5), perhaps due
to gravity (Fig. 5.7). The number of patients scanned in this study is too low to
determine if the shape of the arc of breast tissue between compression paddle and
support plate varies with age and/or glandular density. It could be expected that
more glandular breasts are less affected by gravity, even during compression, than
more adipose breasts. Furthermore, this ratio was almost 0.6 on the lateral side,
maybe indicating that the breast is not as free to move posteriorly as it is anteriorly.
The analysis of discrete Frechet distances showed that our model can be used to
accurately (<1 mm) represent new imaged arcs with a low number of linearly inde-
pendent parameters.
This study has allowed us to detect possible drawbacks of this new imaging tech-
nique, which need to be addressed in the future. In general, we have found that both
the breast support table and the compression paddle of the mammography system
are prone to distort the signal of the projectors due to reflections. These artifacts
could easily be avoided by covering these elements with, for example, opaque tape.
Since this tape is only on the lateral sides (directly facing the SL cameras), is easy
to integrate in the clinical setting. Also, because the pattern lines are black, darker
skin made the surface imaging more challenging. In our study, the scanning time of
the SL cameras was greater than that of the DBT acquisition (12-16 s versus 3-4 s),
however, it has to be considered that scan time of some DBT systems is over 20 s. In
addition, further optimization of the hardware and software of the SL cameras could
lower the acquisition time of the SL images. Therefore, the use of SL cameras does
not necessarily lengthen the patient workflow.
Moreover, we have also experienced poor image coverage for thicker breasts, as the
excluded patients have thicker breasts than the included population. This coverage
limitation is mainly due to hardware resources. A recent update from the manufac-
turer allows to scan with three or four cameras while still using only two projectors,
hence the total scan time would not increase, but this could allow for enhanced an-
gular coverage, which was the main limiting factor when having to discard some
data due to lack of overlap in coverage. As a consequence we expect that the 20%
failure rate found in this pilot study will significantly decrease in future studies with
updated hardware.
Another limitation of this work is that only the CC view was studied. Capturing
these surface images during MLO view compressions will require a more complex
camera setup that needs to be further investigated in the future. Also, the full au-
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tomation of the post-processing of the raw 3D surface images is something to be
addressed, especially if a larger number of patients is to be studied. Finally, the in-
clusion of only 50 patients and only one mammography manufacturer could intro-
duce a limitation in the generalization of the results. However, it is not expected that
the characterization of the breast shape would vary considerably when compressed
by different mammography systems.
5.5 Conclusion
With this project we developed a patient-based 3D model of compressed breast shapes
undergoing mammography and breast tomosynthesis. This imaging technique al-
lows, for the first time, to accurately characterize the breast under compression. In
addition to obtaining information for breast modeling, this methodology could be
used during mammography or breast tomosynthesis acquisition for improved im-
age processing and/or reconstruction, as well as other clinical tasks, such as breast
volumetric estimation and registration172–174, 3D printing of realistic phantoms, and
aiding in the planning of breast surgery.
5.6 Appendix I
Both the basic and the advanced 3D models described in this manuscript can be used
with the application available for download with this publication (see supplemen-
tary material at stacks.iop.org/PMB/62/6920/mmedia for the necessary software to
use the developed models). The GUI of the application that implements the objective
3D model of compressed breast shapes is displayed on Fig. 5.10.
The 2D model162 and the model of the arcs were combined in a sequential procedure
described below, which also depicts how the software tool works.
1. User selects whether to generate an average or random compressed breast
shape and whether to use the basic or advanced breast curvature arc model.
2. A 2D breast mammography projection image (random or average) is created
with the 2D model. The area A of this projection is computed and corrected
for magnification. The magnification factor considers an air gap of 2.5 cm be-
tween the breast support table and the detector surface,69 and it assumes the
projection area was generated from the center of the total breast thickness.
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3. This area is then associated with a DICOM-reported breast thickness following
Fig. 4 in our previous work162. A Gaussian random factor with a variance of 8
mm accounts for the data dispersion.
4. This DICOM thickness value is then corrected by an offset in relation to the
actual thickness measured by the surface cameras.
5. The corrected thickness can be related to the first parameter of the curvature
model (Fig. 5.11).
6. The other PCA parameters of the breast curvature model are computed ran-
domly ( following the observed distribution of PCA parameters in our popula-
tion) or the average is taken (depending on step 1). They define finer details of
breast curvature (Fig. 5.12).
7. With all the generated PCA parameters, a new set of arcs representing a breast
surface can be computed.
8. From these arcs, the complete 3D shape of the breast surface is built at each
point of the 2D projection by interpolation. This 2D projection is assumed to
be at the height of apex of each arc.
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Figure 5.10: Examples of the application to generate the full 3D model of compressed
breast shapes undergoing mammography or breast tomosynthesis. (a.1)âA˘S¸(a.4) Dif-
ferent views of the average breast shape generated with the basic model which as-
sumes a constant curvature along the surface. (b.1) and (b.2) Average breast shape
generated with the advanced model which assumes a varying curvature along the
surface. (c) and (d) Examples of randomly generated compressed breast shapes with
the advanced model.
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Figure 5.11: First principal component of both models, alpha, as a function of breast
thickness computed with the 3D cameras. In both cases, there is a linear relationship
(R2 > 0.96) that can be used to customize the thickness of new random breast shapes.
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Figure 5.12: Arcs generated by varying the first six PCA parameters of the basic model
individually. Each parameter was set to the mean value (µ) found across our popula-
tion, as well as to µ ± one standard deviation (σ) and µ ± 2σ (except for alpha, where
we only chose ±1σ to avoid going beyond the observed range of alpha parameters in
our dataset). Similar behavior is found for the advanced model.
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Abstract
Purpose: To develop a deep learning convolutional neural network (CNN) that can
model the scatter signal in digital breast tomosynthesis (DBT) projections.
Materials and methods: Homogeneous software phantoms representing different
compressed breasts undergoing a cranio-caudal DBT exam were implemented in a
Monte Carlo (MC) simulation of a 15° wide / 15 projection DBT scan with 108 pho-
tons, yielding the scatter fraction (SF ) image estimate of each projection. A CNN was
trained to predict these SF images using the MC-simulated SF images of 180 phan-
toms as ground truth. The mean absolute error (MAE) between the MC-simulated
SF and the CNN-estimated SF was computed in 20 other phantoms.
Results: The MAE between the CNN-estimated and the MC-simulated SF images
was less than 1%. The CNN generated scatter images up to 105 times faster than MC
simulations (0.01 seconds versus 130 seconds).
Conclusion: A deep learning CNN can estimate the scatter image in DBT projections
as accurately as a Monte Carlo simulation but in a significantly lower amount of
time.
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6.1 Introduction
Digital breast tomosynthesis (DBT) provides higher breast cancer detection than dig-
ital mammography (DM)54,175, while being an equally non-invasive, fast, and rela-
tively affordable imaging technique. As a consequence, DBT is being considered to
replace DM as the modality of choice for population-based screening programs75.
DBT acquires several low-dose projections of the compressed breast that are used
to reconstruct a pseudo-3D volume image of the breast55. Because of the acquisition
geometry, where the detector remains static while the x-ray tube moves, in DBT it is a
challenge to use a physical anti-scatter grid, which is how the impact of x-ray scatter
is reduced in DM. More importantly, using an anti-scatter grid requires an increase
in the radiation dose delivered per projection in order to achieve the same noise
level, since grids also absorb part of the primary radiation62. However, inclusion
of the x-ray scatter signal in the DBT projections results in cupping artefacts, inac-
curacy of reconstructed values, and a reduction of contrast in DBT images61. As a
consequence, accurate automatic software-based methods to correct DBT projection
images for scatter radiation would be of benefit to improve the image quality of DBT.
Several scatter correction methods have been proposed for DBT. In all of them, Monte
Carlo (MC) simulations were used as the gold standard with which to character-
ize and parameterize the scatter radiation in DBT. MC simulations are very time-
consuming and are therefore a challenge to implement in the clinical workflow. Con-
sequently, some authors tried to parameterize and tabulate the variation of scatter
across the breast projection64,65,67, or tried to simplify the MC simulations to a min-
imum66. These methods are relatively valid; considering that the scatter radiation
is a low-frequency signal that varies smoothly, it barely depends on the x-ray spec-
trum used, or on the breast tissue composition, and mostly depends on compressed
breast shape and thickness136. However, they all results in a trade-off between time-
efficiency and accuracy. The emergence of deep learning models for medical imag-
ing39 might allow for a solution where no such trade-off is needed.
In this work, we aimed to develop a deep learning convolutional neural network
(CNN) that can estimate the x-ray scatter signal included in DBT projections as ac-
curately as a full-scale MC simulation of a DBT acquisition while being fast enough
to be used in clinical practice.
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6.2 Materials and Methods
6.2.1 Scatter correction model development
Breast phantoms
A total of 200 three-dimensional (3D) virtual compressed breast phantoms were ran-
domly generated using a previously described patient-based model162. The only
variability across breast phantoms was the external 3D shape, found to be the main
variable affecting the x-ray scatter signal (a low-frequency signal)130. Our previously
developed model is based on the analysis of the 2D shape of the projection of the
breast undergoing cranio-caudal (CC) compression in 1,000 mammograms162, and
of the 3D shape of the actual compressed breast during 45 CC view DM acquisitions,
imaged with surface scanning technology176. The resulting phantoms used in this
study had varied compressed thickness, outer breast curvature, and projected breast
shape. The interior of the phantoms was assumed to be composed of a uniform mix-
ture of adipose (85%) and glandular (15%) tissue, found to be the average in a North
American population177. The phantoms were simulated in the cranio-caudal (CC)
view, as this is the one available in this model. The average breast thickness of the
phantoms was 59 mm (range 36 - 85 mm). The voxel size of the generated phantoms
was 1 mm3. Examples are shown in Fig. 6.1.
Monte Carlo simulations of digital breast tomosynthesis
Monte Carlo (MC) simulations were performed to simulate the DBT acquisition of
each phantom using a Selenia Dimensions (Hologic Inc., Bedford, MA USA) system.
A DBT acquisition with this system consists of 15 DBT x-ray projections within an
angular range of 15°. For larger variability, a slight random error of ±0.3° was in-
cluded in the distribution of projection angles. The specific geometry, detector, and
exposure characteristics of this system were simulated following previous publica-
tions178. All simulations were performed with one x-ray spectrum, since changes
in spectra do not influence strongly the x-ray scatter maps136. A W/Al 31 kV spec-
trum was modeled, which is the standard for this system for an average breast with
thickness of 50 mm. The MC simulations were performed with the Geant4 toolkit,
version 4.10.03, using 108 photons. The projections were simulated with a pixel size
of 5 mm2, therefore having dimensions of 48×60 pixels (corresponding to a detector
of 24×30 cm), enough to represent a low frequency signal such as scatter.
Each projection simulation had two output images: a scatter image (S), considering
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(a)
(b)
Figure 6.1: Two examples of the 3D shape of the homogeneous compressed breast
phantoms generated for this study from our previously developed model176.
the photons that underwent any type of scatter interaction before reaching the detec-
tor; and a primary image (P), composed of those photons that directly reached the
detector without any type of interaction. The scatter fraction (SF ) image, defined as
the ratio of the scatter to the total image (SF = S/(S+P)), for each projection (Fig. 6.2)
was computed. Similar to the work by Feng et al65, the filter method proposed by
Colijn et al179 was first applied to S to reduce the noise.
Convolutional neural network to estimate scatter
A convolutional neural network (CNN) was developed to estimate the SF (range 0-
1) for a given DBT projection. The CNN had three inputs: the binarized (breast and
open-field) DBT projection image, the compressed breast thickness of the phantom
(in mm, an integer value), and the acquisition angle of the projection (in degrees,
a float value). We used the results of the MC simulations for training of the CNN,
working at the MC resolution of 48×60 pixels. The CNN architecture was a modified
u-net as shown in Fig. 6.3 to accommodate the input of single values in the bottom
layer.
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Figure 6.2: Example of the scatter fraction images of the central breast tomosynthesis
projection simulated with Monte Carlo for the phantoms showed in Fig. 6.1.
The MC simulated results (200 phantoms × 15 projections = 3,000 projections) were
divided on a phantom basis into training (n = 160 phantoms, 2,400 projections), val-
idation (n = 20, 300 projections) and testing cases (n = 20, 300 projections). The mean
squared error (MSE) between MC-simulated SF and CNN-estimated SF was used
as the training loss function. Training was done during 200 epochs via mini-batch
(n=16) gradient-based optimization with the Adam method180, using a learning rate
of 10−5. The performance of the CNN on the projections of the testing dataset was
evaluated using MSE and the mean absolute error (MAE, in %) between the CNN-
estimated and the MC-simulated SF images.
6.3 Results
6.3.1 Accuracy of the convolutional neural network
The CNN achieved high accuracy in the testing dataset. Overall, the MSE between
CNN-estimated and MC-simulated SF images was 7.7×10−6, which corresponds to
a MAE of 0.92% (standard deviation 0.16%). No significant differences were seen
as a function of projection angle, compressed breast thickness, or whether MSE was
computed for the entire SF image or only inside the area corresponding to the breast
(Table 6.1). Examples of the CNN-estimated and the MC-simulated SF images are
shown in Fig. 6.4.
When using the CNN, the SF image for a single projection was computed in approx-
imately 0.01 seconds with a GPU (NVIDIA GeForce GTX 960M, Santa Clara, Cali-
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Figure 6.3: Deep learning convolutional neural network architecture employed in this
study to estimate the scatter radiation associated with each DBT projection. Given
the binary (breast and open-field) DBT projection, the breast thickness (single integer
value, 35-85 mm), and the projection acquisition angle (single float value, between -
7.8° and 7.8°), it estimates the corresponding scatter fraction image of that projection.
Displayed values correspond to the number of feature channels for convolutions and
the number of units for the fully connected layers. Each 3×3 convolution was fol-
lowed by a batch normalization layer181 and a leaky rectified linear unit activation
layer182. The fully connected layer was followed by a dropout layer (factor 0.3)183.
fornia, United States), and 0.1 seconds with 2 CPU cores (Intel i7-7500U, 2.70 GHz,
Santa Clara, California, United States). When using a MC simulation as described
above, this computation took approximately 130 seconds in a workstation with 24
CPU cores (Intel Xeon E5-2690 2.6GHz).
6.4 Discussion
In this work, we have developed a deep learning convolutional neural network to
estimate the x-ray scatter signal in a breast tomosynthesis projection that can repro-
duce the results of a full-scale Monte Carlo simulation within 1% error. The time
needed to simulate the scatter image can be up to 105 times faster with the CNN
method.
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(a)
(b)
Figure 6.4: Two examples of the testing dataset comparing the MC-simulated and
the CNN-estimated SF images for the central DBT projection. The profiles represent
the values of the SF of a horizontal profile across the center of mass of the breast
projection. The breast thickness and the MAE in these examples is (a) 46 mm / 0.21%,
and (b) 79 mm / 0.63%.
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Metric over entire image Metric only inside breast
MSE (×10−6) MAE (%) MSE (×10−6) MAE (%)
All projections
(n=300)
7.7 (4.8) 0.92 (0.16) 7.3 (4.7) 0.35 (0.13)
Angle < -2.5°
(n=100)
7.8 (4.8) 0.93 (0.16) 7.5 (4.8) 0.36 (0.13)
| Angle | < 2.5°
(n=100)
7.6 (4.9) 0.91 (0.15) 7.3 (4.8) 0.35 (0.13)
Angle > 2.5°
(n=100)
7.5 (4.8) 0.91 (0.16) 7.2 (4.7) 0.35 (0.13)
Thickness < 60
mm
(n=150)
4.4 (1.6) 0.82 (0.07) 4.1 (1.6) 0.25 (0.05)
Thickness ≥ 60
mm
(n=150)
11 (4.7) 1.02 (0.16) 11 (4.7) 0.45 (0.12)
Table 6.1: MSE and MAE between the CNN-estimated scatter fractions and the MC-
simulated (truth) scatter fractions for each of the 300 projections in the testing dataset
of the CNN. Standard deviation is shown within parentheses.
Our method shows potential to deliver a high accuracy at a fast computing time. Lu
et al67 report a 5% error for scatter image computation, which takes 5 minutes. Feng
et al65, while not reporting accuracy, also report that their algorithm takes in the or-
der of minutes. Diaz et al64 report that scatter radiation images are computed in an
average of 80 minutes, with equal to or less than a 10% error. The method by Kim et
al66, the fastest reported up to date, took 3 seconds to generate a scatter image, with
an error of at least 2% with respect to an MC-generated truth. In terms of image qual-
ity, it is complex to compare quantitative and qualitative results from measurements
in the DBT reconstructed volumes across studies, since the reconstruction algorithms
differ and play an important role in the final image quality55,184.
Real-time and accurate correction of scatter radiation in DBT, for example by using
our method to estimate scatter, might have a clinical impact. First, in terms of im-
age quality, improvements in contrast could be expected as widely reported by other
authors61,65,66. Second, the use of a feasible and accurate x-ray scatter reduction al-
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gorithm could allow for an important reduction in the breast compression force in
DBT without loss of image quality. Some clinical studies have proposed that com-
pression in DBT could be reduced by up to 50%54,76, since tissue overlap is less of
an issue in comparison to DM. Reducing breast compression might lead to increased
breast thickness, therefore increasing the x-ray scatter signal, increasing its impact
on image quality. Thus, in this scenario, our method could be combined with the
idea of half-compression DBT.
Similar to the work of Lu et al67, this study is part of the goal of making DBT imag-
ing more quantitatively accurate. Currently, the voxel values in reconstructed DBT
images are not a true representation of the tissue composition at the corresponding
location. An accurate and clinically feasible method to correct for the impact of x-
ray scatter on the DBT reconstruction inaccuracy is an important first step towards
quantitatively accurate DBT. Finally, further studies with radiologist image interpre-
tations and an increased number of patient DBT images are needed to examine the
impact of the proposed algorithm on actual clinical performance.
In addition to the limitations already discussed, this study only considered the DBT
simulation of one particular system, while it is known that there are image quality
differences across systems57. In any case, our methodology is easily applicable to
other DBT geometries. Similarly, our method has only been studied for the CC view.
Development of a compressed breast shape model for the MLO (similar to the one
developed for CC176) is needed before this scatter-correction methodology can be
accurately applied.
6.5 Conclusion
We have developed a method based on a deep learning convolutional neural net-
work that can estimate the x-ray scatter signal in a digital breast tomosynthesis pro-
jection in 0.01 seconds with an accuracy of 1% with respect to the image generated
by a Monte Carlo simulation.
Appendix I
Given the acquired projection (T ), the scatter-corrected projection (Tcorr) is computed
by subtracting the scatter image (S) from T (equation 6.1):
Tcorr = T −S (6.1)
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The acquired projection is composed of the principal (P) and scatter components
(equation 6.2),
T = P +S (6.2)
and therefore the definition of the scatter fraction (SF ) from equation ?? can be ex-
pressed as equation 6.3:
SF = S/(S+P )= S/T (6.3)
To avoid introducing high frequency signals again with the SF , and knowing that
the scatter signal is mainly a low frequency signal, the T from equation 6.3 is low-
pass filtered using a gaussian filter, resulting in TLP. Combining equation 6.1 with
equation 6.3 yields the final equation 6.4, that yields the scatter-corrected projection:
Tcorr = T − (SF ·TLP) (6.4)
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Abstract
Purpose: The image quality of digital breast tomosynthesis (DBT) volumes depends
greatly on the reconstruction algorithm used. The objective was compare two DBT
reconstruction algorithms used by the Siemens Mammomat Inspiration system, Fil-
tered Back Projection (FBP) and FBP with iterative optimizations (EMPIRE), using
qualitative analysis by human readers and detection performance of machine learn-
ing algorithms.
Materials and methods: Visual grading analysis was performed by four readers
specialized in breast imaging who scored 100 cases reconstructed with both algo-
rithms (70 lesions). Scoring (5-point scale: 1-poor to 5-excellent quality) was per-
formed on presence of noise and artifacts, visualization of skin-line and Cooper’s
ligaments, contrast, and image quality, and, when present, lesion visibility. In par-
allel, a three-dimensional deep-learning convolutional neural network (3D-CNN)
was trained (n=259 patients, 51 positives with BI-RADS 3, 4, or 5 calcifications) and
tested (n=46 patients, nine positives), separately with FBP and EMPIRE volumes, to
discriminate between samples with and without calcifications. The partial area un-
der the receiver operating characteristic curve (pAUC) of each 3D-CNN was used
for comparison.
Results: EMPIRE reconstructions showed better contrast (3.23 vs 3.10, P=0.010), im-
age quality (3.22 vs 3.03, P<0.001), visibility of calcifications (3.53 vs 3.37, P=0.053,
significant for 1 reader), and fewer artifacts (3.26 vs 2.97, P<0.001). The 3D-CNN-
EMPIRE had better performance than 3D-CNN-FBP (pAUC-EMPIRE=0.880 vs pAUC-
FBP=0.857; P<0.001).
Conclusion: The new algorithm provides DBT volumes with better contrast and im-
age quality, fewer artifacts, and improved visibility of calcifications for human ob-
servers, as well as improved detection performance with deep learning algorithms.
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7.1 Introduction
Digital mammography (DM) is currently the most used technique for breast can-
cer detection, and population-based mammography screening programs have been
proven to reduce mortality among women and being cost effective.4 However, mam-
mography projects a 3D object, the breast, onto a 2D image. As a consequence, there
is an inherent loss of sensitivity and specificity due to anatomical noise arising from
tissue superposition. Digital breast tomosynthesis (DBT) can overcome the limita-
tions of DM by providing a pseudo-3D image of the breast,55 and many prospective
trials and retrospective studies have demonstrated the clinical benefit of introducing
DBT for breast cancer detection.49,52,83,88,185,186 Therefore, DBT might be considered
a potential candidate to replace DM for population-based screening.75,187
DBT consists of the acquisition of several low-dose planar x-ray projections of the
compressed breast over a limited angular range, which are then reconstructed into
a pseudo-3D volume. This acquisition strategy has inherent challenges that deterio-
rate image quality.55 The limited angle acquisition gives rise to out-of-plane artefacts
and low vertical resolution,57,166,188 the low-dose per projection increases the impact
of noise, and x-ray scatter decreases contrast.61 The reconstruction algorithm is one
of the main aspects of image creation that could ameliorate these technical draw-
backs, and therefore can greatly affect the final quality of DBT images.
Many different reconstruction approaches have been studied over time.56 Tradition-
ally, the most wide-spread algorithm across DBT systems is filtered back projec-
tion (FBP), an analytical reconstruction method widely used in computed tomog-
raphy and adapted for DBT.68,69 Fully iterative reconstruction algorithms are also in
use.71,72,189 In order to make the most out of both approaches, FBP is recently being
complemented with a posteriori iterative optimizations, in order to reduce artifacts
and noise, and increase contrast of the DBT images,190,191 without lengthening the
reconstruction time substantially (one of the main drawbacks of iterative reconstruc-
tions).
One manufacturer has followed this approach in their DBT system (Mammomat In-
spiration, Siemens Healthineers, Forchheim, Germany), recently updating the clini-
cal standard reconstruction algorithm on their system from FBP to FBP with a pos-
teriori iterative optimizations (called EMPIRE), with preliminary results pointing
to a decrease in artifacts and noise while enhancing image contrast of DBT vol-
umes.190–192
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In this work, we compare this new DBT reconstruction algorithm to the previous
one using clinical patient images with two methodologies. First, in order to assess
the benefits of the new algorithm in terms of image quality and lesion depiction,
we perform a visual grading analysis (VGA) study193 with human readers. Sec-
ond, we assess if the new DBT reconstruction algorithm provides images that also
benefit automated computer detection systems. In particular, we trained and tested
two equivalent deep learning based 3D convolutional neural networks for the task
of detecting calcifications in DBT, one using FBP images and the other with EM-
PIRE images. Deep learning is an artificial intelligence computer technique37 that
has achieved similar to superior performance to humans for many complex medical
imaging tasks.39 In mammograms, a small calcification may indicate the presence of
cancer, either in situ or invasive, thus detection is important.194 However, their small
size (0.050 mm - 3 mm) increases detection time, and certainly deep learning based
computer systems could aid humans in this task.195
7.2 Materials and Methods
Reconstruction algorithms
The two reconstruction algorithms compared in this work are both clinical standard
algorithms used by the Siemens Mammomat Inspiration DBT system: the filtered
back projection algorithm (FBP), and the new Enhanced Multiple Parameter Itera-
tive Reconstruction (EMPIRE), introduced in 2016.
The FBP algorithm for DBT is described in detail in the work by Mertelmeier et al.68
It basically back projects the DBT projections after application of different filters to
account for the limited sampling of DBT in the vertical direction throughout the
breast. The EMPIRE algorithm is based on FBP, but it includes additional processes
aiming to achieve better artifact suppression, higher resolution, and less noise.190–192
Patient data
Out of a total of 2071 DBT patient studies acquired during clinical routine work-up
as per standard practice at our institution between December 2014 and December
2015, 374 were consecutively collected, without any exclusion criteria, to obtain a
case set with the proportions described in Table 7.1. All participants consented to
participate in research studies within our institution and the need for specific writ-
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ten informed consent for this study was waived by the ethics committee.
All patients underwent an imaging protocol consisting of at least unilateral one-
view DBT and digital mammography with a Siemens Mammomat Inspiration DBT
system. All images were acquired in automatic exposure control mode. For a full
DBT scan, the X-ray tube moves in an arc of 50 degrees and acquires 25 projection
images with an angular range of approximately 46 degrees, during a total scan time
of 20 s. The projection images were subsequently reconstructed by the DBT system
into a pseudo-3D volume with focal planes parallel to the detector 1 mm apart, using
the standard FBP algorithm. These raw projection images were reconstructed using
the EMPIRE reconstruction algorithm on an off-line workstation only for this study,
so this process took place well after the acquisition of each case.
Total included patients (n = 374) Total included studies (n = 405)
Normal Benign Malignant
VGA study
(n=100)
30 30
(stl=19, c=10, b=1)
40
(stl=22, c=11, b=7)
Detection study
(n=100)
245 18
(c=18)
42
(c=42)
Table 7.1: DBT patient studies used in each experiment. No cases with soft tissue
lesions were included in the automated computer detection study. stl = soft tissue
lesion; c = calcification; b = both
Visual grading analysis study
Population
For the VGA study, 100 patient unilateral medio-lateral oblique (MLO) view DBT
studies were consecutively selected out of the 374 described above to achieve the de-
sired proportion of patient cases (see Table 7.1): 40 biopsy proven malignant cases, 30
biopsy proven benign cases, and 30 normal cases. The latter were scored as BIRADS
1 or 2 and had at least one year of negative follow-up. The ground truth location of
the lesions was annotated under the supervision of an experienced radiologist (13
years of experience with mammography, 3 with DBT) with access to pathology and
radiology reports.
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Design and analysis
An absolute VGA observer study193 was performed to assess several aspects of im-
age quality in both reconstruction algorithms. It was carried out by four readers
specialized in breast imaging (1 radiologist, 1 clinical PhD student, and 2 physicists
specialized in mammography), who had a median of 12 years of experience in breast
imaging (range 3-21 y).
Two reading sessions separated by at least 2 weeks were performed in order to avoid
possible bias in the results due to a direct comparison between reconstruction algo-
rithms of the same patient. Both reconstructions (FBP and EMPIRE) of each patient
were alternatively and randomly split between the two reading sessions. In total,
50 FBP volumes and 50 EMPIRE volumes were scored during each session. Scoring
was performed on a 5-point scale (1-poor quality to 5-excellent quality) on six as-
pects of normal anatomy (presence of noise and artifacts, visualization of skin line
and Cooper’s ligaments, contrast, and overall image quality) and, when present,
visibility and sharpness of both types of lesions (calcifications and soft tissue). The
location of the lesions was outlined for the readers. The reading was performed on
an in-house developed workstation (CIRRUS Observer, Diagnostic Image Analysis
Group, Nijmegen, the Netherlands) (Fig. 7.1), using high resolution mammographic
monitors of at least 5MP.
To account for repeated measures and multiple independent reader variability, the
average results were analyzed with Generalized Estimating Equations (GEE) mod-
els, using as outcome the scores of each of the questions. The all two-way GEE
models were built using reconstruction algorithm and reader as main effects as well
as their interaction term. An exchangeable working correlation matrix structure was
chosen. Wald 95% confidence intervals were computed. Differences in the scores be-
tween reconstruction algorithms for each reader were tested with the Mann Whitney
U (Wilcoxon) non-parametric test. A two-tailed P-value lower than 0.05 was con-
sidered to indicate significant difference. All analyses were performed using SPSS
(version 24, IBM Inc., Armonk, NY).
Automated computer detection study
Population
For the computer detection study, out of our set of 374 cases, all abnormal cases due
to calcifications scored as BI-RADS 3, 4 or 5 cases were selected. Cases with cal-
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Figure 7.1: In-house developed workstation for the scoring of the visual grading anal-
ysis reader study. The readers answered ten questions on a 5-point scale (1-poor
quality to 5-excellent quality) and the lesions were outlined. The workstation auto-
matically registered the results and provided a summary report per reader after each
session.
cifications were used since visibility of this type of lesion has been proposed to be
the main advantage of EMPIRE over FBP.192 No cases with soft tissue lesions were
included in this study. This yielded 60 DBT patient studies (see Table 7.1). From
these, 114 DBT volumes (either MLO, cranio-caudal (CC), or both views) were avail-
able. Location of calcifications were annotated individually for each reconstructed
volume (independently in EMPIRE and FBP), under the supervision of the same ex-
perienced radiologist with access to pathology and radiology reports. A sample of
245 normal patient studies (bilateral, BI-RADS 1 or 2) was also selected for training
of the computer detection algorithms.
Design and analysis
A three-dimensional deep learning based computer detection system based on Con-
volutional Neural Networks (3D-CNN) was trained, validated and tested for the task
of detecting suspicious calcifications (scored as BI-RADS 3, 4 or 5) in DBT images,
using data reconstructed both with EMPIRE and FBP. At the end, the performance
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Training Validation Test
Patients
Positive 42 9 9
Negative 172 36 37
Volumes
Positive 79 17 18
Negative 624 124 94
Patches
Positive EMPIRE: 928
FBP: 725
EMPIRE: 201
FBP: 178
EMPIRE: 119
FBP: 86
Negative EMPIRE: 928
FBP: 725
EMPIRE: 201
FBP: 178
EMPIRE: 47,000
FBP: 39,500
Table 7.2: Number of DBT patient studies, DBT image volumes and extracted patches
used for the training, validation, and testing of the 3D-CNNs. Differences on a patch
level between EMPIRE and FBP reconstruction algorithms are due to different indi-
vidual calcification annotations between reconstructed volumes.
of the network trained and evaluated with EMPIRE data was compared to the per-
formance of the network trained and evaluated with FBP data. The 305 DBT patient
studies were split into training, validation and test in a case-level to avoid bias, with
the proportions shown in Table 7.2.
The 3D-CNN used in this study is an extension of the 2D deep learning approach to
detect calcifications in mammography developed by Mordang et al.196 It was trained
to discriminate between 3D DBT patches (size 29x29x9 voxels) with and without sus-
picious calcifications. More details regarding the architecture and training strategy
of the 3D-CNN can be found in Appendix I.
The 3D-CNN with the parameters that achieved the best accuracy on the validation
data during the training was then used to compute the receiver operating character-
istic curve (ROC) on the test dataset. The partial area under the ROC curve (pAUC)
for a false positive rate between 0 and 0.05 was computed. This range was empir-
ically defined as the range where the largest difference of pAUC between EMPIRE
and FBP was found. The pAUC was compared between the 3D-CNN trained with
FBP data (3D-CNN-FBP) and the 3D-CNN trained with EMPIRE data (3D-CNN-
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EMPIRE) after bootstrapping (n=5000), via the Mann Whitney U (Wilcoxon) non-
parametric test. A two-tailed P-value lower than 0.05 was considered to indicate sig-
nificant difference. All statistical analyses were performed using MATLAB R2017a
(MathWorks, Natick, MA, USA).
7.3 Results
Visual grading analysis study
FBP EMPIRE P-value
General image quality
Absence of disturbing noise 3.09 (3.02-3.15) 3.12 (3.06-3.19) 0.424
Absence of artifacts 2.97 (2.87-3.07) 3.26 (3.15-3.36) <0.001
Adequate image contrast 3.10 (2.99-3.20) 3.23 (3.12-3.33) 0.010
Overall image quality 3.03 (2.94-3.13) 3.22 (3.12-3.31) <0.001
Skin line visualization 3.10 (3.02-3.18) 3.11 (3.01-3.20) 0.855
Cooper’s ligaments vis. 3.39 (3.32-3.47) 3.47 (3.40-3.54) 0.057
Lesions
Visibility calcifications 3.37 (3.19-3.55) 3.53 (3.35-3.71) 0.053
Sharpness calcifications 3.02 (2.85-3.16) 3.03 (2.88-3.18) 0.875
Visibility soft tissue 3.77 (3.58-3.96) 3.84 (3.64-4.04) 0.365
Sharpness soft tissue 3.51 (3.33-3.69) 3.52 (3.34-3.70) 0.918
Table 7.3: Average scores (1 poor quality to 5 excellent quality) of each of the parame-
ters of the visual grading analysis (VGA) for each reconstruction algorithm, obtained
with a generalized estimating equations (GEE) model, which accounts for the vari-
ability of repeated measures by multiple independent readers.Within parentheses,
95% Wald confidence intervals are shown. A two-tailed P-value lower than 0.05 was
considered to indicate significant difference between reconstruction algorithms.
The averaged results from the GEE model (Table 7.3) yielded that EMPIRE recon-
structions showed slightly better contrast (significant for 1 reader, the radiologist)
and fewer artifacts (significant for all readers). In general, a better overall image
quality (significant for 3 readers) was also assessed for the EMPIRE DBT volumes.
No significant difference was found between reconstruction algorithms for the level
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of noise and the skin line visualization, while Cooper’s ligaments were slightly bet-
ter represented with EMPIRE (significant for 1 reader, the radiologist). Regarding
the lesion representation of both algorithms, on average a better visibility of calci-
fications was found for EMPIRE. All readers scored EMPIRE higher than FBP for
visibility of calcifications (significant for 1 reader, the clinical PhD student), while no
difference was found for soft tissue lesions.
Figure 7.2: Cumulative percentages of the scores (1-poor quality, 5- excellent quality)
across readers for the four most relevant aspects that were found on average better
for EMPIRE compared to FBP.
There was significant inter-reader variability in all the scores (P < 0.001). Cumula-
tive percentage of the scores of all readers are shown in Fig. 7.2, where it can be seen
that EMPIRE achieves higher scores for the four most significant aspects found on
the GEE models: presence of artifacts, adequate image contrast, visibility of calcifica-
tions, and overall image quality. For these, the results for each reader are also shown
in Fig. 7.3. Two examples of cases that were scored by most readers higher with
EMPIRE than with FBP for the visualization of calcifications are shown in Fig. 7.4.
Figure 7.5 shows a case with a soft tissue lesion, equally well visualized in EMPIRE
as in FBP. Finally, an example of a case scored by all readers as better in EMPIRE
regarding artefacts is displayed in Fig. 7.6.
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Figure 7.3: Average scores per reader (1-poor quality, 5-excellent quality) for the four
more relevant aspects that were found on average better for EMPIRE in compari-
son with FBP reconstruction. Differences between reconstruction algorithms for each
reader were tested with the Mann-Whitney U (Wilcoxon) non-parametric test.
Automated computer detection study
The ROC curves of the 3D-CNN for FBP and EMPIRE are shown in Fig. 7.7a. The
3D-CNN-EMPIRE showed similar high performance as the one trained and tested
with FBP, (AUC-EMPIRE=0.990 versus AUC-FBP=0.986). This is mainly influenced
by the operating points at high false positive rate (FPR, or 1 - Specificity), which have
a sensitivity almost equal to 1. However, at low FP rates, we observed that 3D-CNN-
EMPIRE performed better than 3D-CNN-FBP. For instance, at FPR=0.01, 3D-CNN-
EMPIRE achieved a sensitivity of 0.958 while 3D-CNN-FBP achieved sensitivity of
0.845. The partial ROC curve delimited in the range with FPR between 0 and 0.05 is
shown in Fig. 7.7b. After bootstrapping, the partial AUC (pAUC) of EMPIRE is 0.880
(95% CI: 0.846-0.897), significantly better (P<0.001) than pAUC-FBP = 0.857 (CI: 5%
CI: 0.815-0.881).
7.4 Discussion
The comparison of breast tomosynthesis reconstruction algorithms shows that the
new EMPIRE reconstruction improves the image quality of the standard FBP recon-
struction on the Siemens Mammomat Inspiration DBT system. The VGA results
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yielded in average better results for EMPIRE in some of the analyzed aspects of im-
age quality. Also, the 3D-CNN using EMPIRE images achieved higher performance
with a better ROC curve, specially at the range of high specificity, relevant for screen-
ing.
In general, performing additional iterative processes on the FBP reconstructed vol-
umes appears useful in order to enhance the visualization of DBT images, heavily
degraded due to the acquisition limitations of DBT. In particular, we have observed
that image contrast can be enhanced and the presence of artifacts reduced. In ad-
dition, Cooper’s ligaments are slightly better visualized with EMPIRE. Cooper’s
ligaments are fibrous connective tissue between the inner side of the skin and the
pectoral muscles. Usually, changes in their structure yield a high predictive value
for malignant mass lesions.197
Furthermore, skin line visualization was similar among both algorithms. An ex-
cellent skin line visualization and sharpness is one of the main reported benefits of
FBP in comparison to fully iterative algorithms.56 This remains unchanged with EM-
PIRE. Assessment of possible breast skin thickening anomalies is of importance since
it may be associated with malignancy.198
As it was pointed out in preliminary studies,191 it has been confirmed in our study
that the new EMPIRE algorithm significantly improves the visibility of calcifications
in the DBT volumes for humans. In addition, we also showed a similar benefit for
a deep-learning based computer detection system when it comes to classification of
calcifications. The higher contrast of calcifications achieved by EMPIRE, combined
with a similar visualization of soft tissue lesions, suggests that EMPIRE might im-
prove the clinical performance of DBT for lesion detection in a clinical setting.
A topic of future work is to study the impact of the EMPIRE algorithm on tests de-
signed for quality control of the reconstructed slices of breast tomosynthesis.57,166
Moreover, further expansion of the 3D-CNN for EMPIRE is also still required, since
here we just used a basic network while, similar techniques can also be applied in
order to detect/classify groups of calcifications, as well as other types of lesions.
A limitation of this study is the fact that an actual detection reader study was not
performed to account for lesion visibility. In addition, some of the observers were
not breast radiologists, but given the non-clinical task of evaluating image quality,
we believe this is a minor limitation. Also, the medical physicist observers provided
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the least number of significantly different assessments between the two reconstruc-
tion algorithms in the VGA study. Therefore, any potential bias would be in favor of
the FBP algorithm.
It should also be noted that, although images from both algorithms were objectively
and independently annotated, not the same calcifications were included for evalu-
ation of the 3D-CNN with EMPIRE and FBP. We observed that more calcifications
were annotated in EMPIRE. This might support that calcification visibility for hu-
man observers is higher in EMPIRE. As a consequence, this might lead to a bias in
favor of FBP, since likely many true positive calcifications for EMPIRE were labeled
as true negatives in FBP, while they could have been considered as false negatives.
7.5 Conclusion
In conclusion, the new EMPIRE reconstruction algorithm, in comparison with FBP,
provides breast tomosynthesis volumes with better contrast and overall image qual-
ity, fewer artifacts and improved visibility of calcifications according to the human
observers, as well as improved detection capability in deep learning systems. As a
consequence, this new algorithm might enhance DBT clinical performance of radi-
ologists, and improve the accuracy of deep learning based computer detection sys-
tems.
7.6 Appendix I
In this study we trained two three-dimensional convolutional neural networks (3D-
CNN) to discriminate between samples with and without suspicious calcifications:
one with EMPIRE volumes and one with FBP volumes. A sample was a 3D patch,
which was centered around the point of interest (which in calcification patches was
chosen as the point with the highest intensity value). The patch size was 29x29x9
voxels (in [x,y,z] direction, being z the vertical direction of the DBT volume), which
corresponds to 2.465x2.465x9 mm3. This patch size was chosen in order to include
contextual information. Positive patches were extracted around the manually anno-
tated individual calcifications. Negative patches were randomly extracted from the
breast in negative DBT volumes (assigned BIRADS 1 or 2 scores). The corresponding
total number of employed patches (extracted from the above-mentioned volumes) is
shown in Table 7.2.
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The same architecture, similar to the one described in Mordang et al,196 and hyper-
parameters were used in both 3D-CNNs. After each convolutional layer, batch nor-
malization and a rectifying linear unit (ReLU) as activation function were applied.
The final fully connected layer was followed by a ReLU activation function. A soft-
max layer was used for the final binary output classification. In total, the network
contained 6,555.396 trainable parameters.
As a loss function, we selected the binary logloss (cross-entropy) with the Adam op-
timizer. As a learning rate schedule, we employed an initial learning rate of 10−3
which is reduced by a factor of 10 if the validation loss plateaus. The final model
was obtained through early stopping. Dropout (0.5) was applied between the last
two fully connected layers during training. The 3D-CNN was implemented using
Keras and TensorFlow.
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(a)
(b)
Figure 7.4: Example ROIs of two DBT cases containing malignant calcifications (out-
lined) reconstructed with EMPIRE (left) and standard FBP (right). Three observers
scored calcification visibility higher for EMPIRE in case (a), while all four of them
scored EMPIRE higher in case (b). These images are displayed with the default win-
dow width and level set by the DBT system.
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Figure 7.5: Example ROIs of a DBT case containing a malignant soft tissue lesion (out-
lined) reconstructed with EMPIRE (left) and standard FBP (right). Three observers
scored soft tissue visibility similar between EMPIRE and FBP (one reader scored EM-
PIRE higher than FBP). Also note how an artefact nearby the nipple (white circle), due
to a calcification in another DBT plane, is visible in FBP but not in EMPIRE. These im-
ages are displayed with the default window width and level set by the DBT system.
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Figure 7.6: Example of patient DBT slice reconstructed with EMPIRE (left) and stan-
dard FBP (right). All four observers scored the artefacts on the FBP volume worse
than on EMPIRE. It can be observed that for tissue nearby the skin line EMPIRE pro-
vides a better visualization, compared with FBP. Also, the large vein on the lateral
side of the breast (under the star mark) shows more overshooting artefact (shadow
like artefact) in FBP than in EMPIRE. These images are displayed with the default
window width and level set by the DBT system.
Figure 7.7: Complete (a) and partial (b) receiver operating characteristic (ROC) curves
of the same 3D convolutional neural network trained and validated with EMPIRE im-
ages and trained and validated with FBP images, for the task of detecting suspicious
calcifications in DBT slices.
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Abstract
Purpose: Contrast-enhanced mammography has shown promise as a cost-effective
alternative to MRI for imaging breast cancer, especially in dense breasts. However,
one limitation is the poor quantification of iodine contrast since the true 3D lesion
shape cannot be inferred from the 2D projection. The use of digital breast tomosyn-
thesis (DBT) can potentially overcome this limitation. In this work, we explored a
methodology to obtain quantitative measurements in DBT.
Materials and methods: The method is based on a two-pass reconstruction algo-
rithm with material decomposition designed to obtain quantitative iodine measure-
ments in DBT. This is achieved by segmenting the iodine map generated by the
first pass reconstruction using a convolutional neural network (CNN), and using
this segmentation to restrict the allowed iodine distribution in the second pass of
the reconstruction. The reconstruction algorithm consists of a maximum likelihood
method with material decomposition (named ML-MADE), which features a poly-
chromatic forward model and allows decomposition into a set of base materials. The
CNN estimated the extents of the iodine targets given the first-pass reconstructed
image, which were then used as a mask for the iodine component image in the sec-
ond pass reconstruction.To evaluate the performance of the algorithms, a set of 2D
digital breast phantoms containing targets with varying iodine concentration was
used. The acquisition of 2D breast tomosynthesis images of these phantoms was
simulated and the proposed reconstruction and segmentation algorithms were ap-
plied.
Results: The median of the resulting iodine mass estimates improved from 68% to
82% of the true iodine concentration (P<0.0001), and the coefficient of variation of
the estimates was reduced from 23% to 13% (P<0.0001).
Conclusion: It is possible to get more quantitative data from contrast enhanced
breast tomosynthesis by segmenting lesions in a first pass reconstruction, and then
limiting the iodine component to the segmented region in the second pass recon-
struction.
529288-L-sub01-bw-Ruiz
Processed on: 21-2-2019 PDF page: 151
Iodine quantification in breast tomosynthesis 141
8.1 Introduction
Digital breast tomosynthesis (DBT) is a pseudo-3D imaging technique that keeps the
high in-plane spatial resolution of digital mammography while adding limited ver-
tical resolution56. However, DBT images are still only morphological; the tumor de-
tection is based on differences in attenuation and distortions in the shape of tissues,
and therefore the utility post-diagnosis is limited.
Obtaining functional information of the breast would allow for not only an increase
in the detection and diagnostic performance of DBT, but more importantly could
have a significant impact for post-diagnosis clinical tasks, with several studies in-
dicating that dual-energy contrast-enhanced (DECE) DBT can provide information
consistent with dynamic contrast enhanced (DCE) MRI199–201.
Functional breast imaging is currently almost exclusively performed by MRI202, an
accurate but expensive modality, both in terms of equipment and installation costs,
and especially in terms of running cost. In comparison, functional imaging with
mammography or DBT would be considerably cheaper and more accessible. How-
ever, contrast-enhanced (CE) mammography and DBT lack quantitative capability,
making it challenging to accurately and repeatedly measure the functional response
of the investigated breast tissue. This is especially important for longitudinal evalu-
ation, such as therapy response monitoring, where it could be important to compare
changes in tumor perfusion metrics across several months.
Initial work in contrast enhanced DBT was based on temporal subtraction203, but
later the focus moved to dual energy subtraction techniques aiming to avoid patient
motion204,205. Visual image quality could be improved by optimizing the exposure
parameters for dual energy images, including spectrum choice and dose distribution
between high and low energy images206–208, but to the best of our knowledge, no
attempts to improve the quantitative measurements of the visualized iodine maps
have been published.
The limitations that need to be overcome for DECE-DBT to become a quantitative
modality are demonstrated in Fig. 8.1, where it is clear that targets with equal iodine
content but different sizes and locations within the reconstruction field of view are
reconstructed with varying apparent amounts of iodine content.
In this work we propose an approach combining a maximum likelihood-based poly-
chromatic reconstruction algorithm including material decomposition with a deep
learning based segmentation method to allow for better estimation of iodine con-
centration from limited angle tomography data and demonstrate its effectiveness in
simulated data.
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Figure 8.1: To demonstrate the absence of quantitative reconstructed attenuation val-
ues in limited angle tomography, we simulated a homogeneous phantom composed
of fibro-glandular tissue containing lesions of different sizes and a phantom with le-
sions at different locations, but all with the same iodine concentration. These phan-
toms are shown on the left side. In the reconstructed iodine maps on the right, it is
clear that the reconstructed concentrations depend on both the size of the lesion and
the location of the lesion within the reconstructed volume.
8.2 Materials and Methods
The approach for our method is to perform a two-pass reconstruction with material
decomposition where the iodine component resulting from the first pass reconstruc-
tion is segmented with a deep learning convolutional neural network. This segmen-
tation is then used as a mask in the second pass. We assume that the segmentation
problem can be solved in practice due to the expected sparsity of the iodine compo-
nent.
8.2.1 Phantom simulation
To evaluate the reconstruction algorithm, we simulated a total of 1124 breast phan-
tom images. To limit the computational cost, the phantoms consisted of 2D coronal
slices extracted from a total sample of 50 3D phantoms generated with the algorithm
described by Lau et al.209. An example is shown in Fig. 8.2. These phantoms were in-
dexed with labels for four different materials: skin, adipose tissue, glandular tissue,
and Cooper’s ligaments. The elemental compositions of these materials are obtained
from the work of Hammerstein et al.210, and are listed in Table 8.1, which were used
to calculate the energy dependent attenuation coefficients, µ(e), using the software
from Boone and Chavez211. The composition of Cooper’s ligaments was assumed to
be identical to that of glandular tissue.
The iodinated contrast-enhanced lesions were simulated as ellipsoids and inserted
into the generated phantoms. Each ellipsoid had a random shape and location within
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Table 8.1: Elemental material compositions.
Adipose Glandular ε% contrast
Skin tissue tissue enhanced lesion
ρ(
g
cm3
) 1.09 0.93 1.04 1.04
H 0.098 0.112 0.102 (1−ε)× 0.102
C 0.178 0.619 0.184 (1−ε)× 0.184
N 0.05 0.017 0.032 (1−ε)× 0.032
O 0.667 0.251 0.677 (1−ε)× 0.677
P 0.00175 0.00025 0.00125 (1−ε)× 0.00125
S 0.00175 0.00025 0.00125 (1−ε)× 0.00125
K 0.00175 0.00025 0.00125 (1−ε)× 0.00125
Ca 0.00175 0.00025 0.00125 (1−ε)× 0.00125
I ε
the phantom. Four different groups of lesions were simulated: homogeneously en-
hanced targets and rim enhanced targets, each split between targets located less than
20 mm from the lateral edges and those closer to the middle of the phantom. Except
for the criterion of being close or far from the phantom edge, the location of the tar-
get was random. Each phantom was reused for each of the four groups, resulting in
a total of 4496 phantom images.
The relative over-representation of targets near the skin edge was generated because
the segmentation of those targets was more difficult and therefore more of those
cases were needed to properly train the network performing the segmentation.
The major axis of the lesion varied between 4-8 mm, the minor axis varied between
2 mm and the size of the major axis, and rotation was allowed in any direction.
Two types of rim enhancement were simulated, 75% of cases had a uniform 1 mm
thin rim, and the remaining 25% had a wider rim with thickness equal to half the
minor axis.
The iodine content of the simulated lesion varied between 0.1% and 0.5% fraction by
weight, corresponding to concentrations between 0.962-4.808 mg per ml. This was
added to the glandular material by scaling the other elemental fractions, as shown in
the last column of Table 8.1. The rim enhancement was modeled by lowering the io-
dine concentration in the center part to between 25% and 75% of the value at the rim.
Projection data were generated for all phantoms by simulating a limited angle fan-
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Figure 8.2: Four coronal breast phantoms based on the same background. Each con-
tains skin (darkest gray), adipose tissue (dark gray), glandular tissue (light gray),
Cooper’s ligaments (black), and an iodine enhanced lesion with or without rim en-
hancement (lightest gray and white).
beam geometry with the center of rotation placed at the bottom center of the phan-
tom. The x-ray source was placed 650 mm above the center of rotation, and the
source-detector distance was 700 mm. A total of 25 equally spaced projections be-
tween -24° and 24° were calculated, with the detector moving together with the
source.
The forward model in equation (8.1) was used with a low energy 35 kV tungsten
spectrum filtered by 50 µm of rhodium, and a high energy 49 kV tungsten spectrum
filtered by 1 mm of titanium. Both spectra were generated from the data provided
by Hernandez et al.212. The detector was simulated as a perfect energy integrating
detector with pixel pitch of 0.1 mm. No quantum noise was added to the simulated
projection data.
8.2.2 Reconstruction algorithm
We applied a modification of a previously published reconstruction method by Bus-
tamante et al.213. This method consists of a maximum likelihood method with mate-
rial decomposition (named ML-MADE), which features the polychromatic forward
model in equation (8.1) and allows decomposition into a set of base materials. All
symbols are listed in Table 8.2.
yˆi (~w)=
∑
e
bi e exp
(
−∑
a
µ(e)a
∑
j
li jwa j
)
(8.1)
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Table 8.2: List of symbols.
yi Measurement for projection line i
yˆi Forward model for projection line i
bi e Spectrum for projection line i
µ(e)a Linear attenuation of material a at energy e
li j Intersection between projection line i and voxel j
wa j Weight of material a in voxel j
L (~w) Log-likelihood cost function
To determine the update step ∆~w (needed to optimize the log-likelihood cost func-
tionL in equation (8.2)), we approximated it with its second order Taylor expansion
at the current weights vector ~w (n) and then applied an optimization transfer to a
separable quadratic surrogate function for each element of ~w . This can be optimized
in a single step, shown in equation (8.3), where αa j ≥ 0 is a design parameter intro-
duced by Fessler et al.214. This parameter was used to add the information of the
segmented iodine image to the reconstruction.
L (~w)=∑
i
yi ln yˆi − yˆi (8.2)
∆w (n)a j =
−αa j ∂L∂wa j
∣∣∣
~w=~w (n)∑
bkαbk
∂2L
∂wbk∂wa j
∣∣∣
~w=~w (n)
(8.3)
The first derivative in the numerator results in
∂L (~w)
∂wa j
=∑
i
li j
(
1− yi
yˆi
)
ψ(a)i , (8.4)
with
ψa)i =
∑
e
bi eµ
(e)
a exp
(
−∑
a
µ(e)a
∑
j
li jwa j
)
, (8.5)
and the second derivative in the denominator is
∂2L (~w)
∂wbk∂wa j
=−∑
i
li j lik
(
yi
yˆ2i
ψ(a)i ψ
(b)
i + (1−
yi
yˆi
)ψ(a,b)i
)
, (8.6)
with
ψ(a,b)i =
∑
e
bi eµ
(e)
a µ
(e)
b exp
(
−∑
a
µ(e)a
∑
j
li jwa j
)
. (8.7)
529288-L-sub01-bw-Ruiz
Processed on: 21-2-2019 PDF page: 156
146 Chapter 8
If we can assume that yˆ ≈ y , which is the case after a good initialization, then the
second derivative can then be approximated as follows:
∂2L (~w)
∂wbk∂wa j
≈−∑
i
li j lik
ψ(a)i ψ
(b)
i
yˆi
. (8.8)
Putting everything together results in the update step in equation (8.9).
∆w (n)a j =
αa j
∑
i li j
(
yˆi − yi
) ψ(a)i
yˆi∑
i li j
ψ(a)i
yˆi
∑
bψ
(b)
i
∑
k likαbk
(8.9)
In practice the update steps for each material a and each energy bin e were calcu-
lated and applied sequentially, with the loop over the materials within the loop over
the energy bins. When using subsets, data from the low and high energy spectra
were not mixed within a single subset.
We selected adipose and fibro-glandular tissue as two of the base materials for the
reconstruction, allowing us to use the fact that these two cover most of the tissue
present in the imaged breast to add the additional constraint that
∑
awa j = 1 during
the initial iterations. This effectively pushes the solution for the underdetermined
system towards realistic possibilities. This constraint is added as a prior cost function
P (~w) with weight β= 105, shown in equation (8.10).
P (~w)=−β
2
∑
j
(
1−∑
a
wa j
)2
(8.10)
The object contour was also used as an additional constraint, as per our previous
work215. In this instance, the free parameter αa j was used as a material specific
mask, combining the overall object contour with the material specific segmentation
for the iodine component. Including this mask helped to correct the artifacts near
the lateral phantom edge seen in Fig. 8.3. The updated reconstruction with mask is
shown in Fig. 8.3.
The exact phantom contour was used as a binary reconstruction mask ~α for all mate-
rials in the first pass reconstruction, and for the adipose and glandular components
in the second pass reconstruction. The segmentation resulting from the method de-
scribed in the next section was used as mask for the iodine component image in the
second pass reconstruction.
Because it is not possible to run to convergence for full sized data, we evaluated the
phantom data after a reasonable number of iterations instead of at or near conver-
gence. Therefore, the convergence of the reconstruction was investigated to deter-
mine the number of iterations to be used in the experiment. A random selection of
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Figure 8.3: Continuing the example shown in Fig. 8.2, the effect of adding the object
contour on the iodine component of the reconstruction is shown. In the reconstruction
without object contour (left), the targets near the lateral edges now appear near the
bottom of the phantom, while they appear in the correct location in the image on the
right, after adding the contour information.
100 cases was examined for this purpose, checking log-likelihood and proportion
of reconstructed iodine up to iteration 100 for the two-material initialization with
the prior from equation (8.10), and up to iteration 2000 for the three-material re-
construction. A few of the cases were also inspected visually as an extra check on
convergence.
The two-material initialization was performed with 10 subsets (5 for each spectrum)
and the three-material reconstruction was performed with 2 subsets (1 for each spec-
trum).
8.2.3 Convolutional neural network segmentation
The segmentation model was applied locally to each simulated iodine target in-
dependently within the complete phantom image. Regions of interest (ROIs) of
256×256 pixels (25.6×25.6 mm2) were automatically extracted around each iodine
target (both in the first pass reconstruction of the iodine map and in the original
ground truth simulated image). In total, 4400 iodine targets were randomly selected
from the set of 4496 cases, and they were split into training (3520, 80%), validation
(440, 10%), and evaluation (440, 10%) datasets of the model. The model was a deep
learning convolutional neural network (CNN) with modified u-net architecture216,
detailed in Fig. 8.4.
The u-net was trained using the simulated iodine-only phantom ROIs as ground
truth binary masks. The loss function was composed of two metrics with equal
weight into the final loss value: pixel-wise binary cross entropy (BCE, equation (8.11))
and a Dice similarity coefficient (DSC, equation (8.12)). The training was performed
during 200 epochs (the batch size was 10 images) with a starting learning rate of
5×10−4, which was reduced by a factor of 2 if the validation loss did not improve for
at least 10 epochs.
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Figure 8.4: The model based on u-net architecture216 used to segment the iodine tar-
gets on the reconstructed images. Each 3×3 convolution was followed by a batch
normalization layer181 and a leaky rectified linear unit activation layer. The last 1×1
convolution was followed by a sigmoid activation layer.
BCE = 1
Npixel s
Npixel s∑
N=1
−TruthN × log(ModelN)+ (1−TruthN )× log(1−ModelN ) (8.11)
DSC =
2
∣∣∣MaskModel∩MaskTruth∣∣∣∣∣∣MaskModel∣∣∣+ ∣∣∣MaskTruth∣∣∣ (8.12)
The trained network was applied to the 440 images in the evaluation dataset, and
the resulting segmentation probability map was used to create a binary mask for the
iodine component in the second pass reconstruction by setting a threshold at 0.1.
8.2.4 Data analysis
The accuracy of the segmentation model was evaluated using the Dice similarity co-
efficient in equation (8.12), which equals 1 for a perfect segmentation and is lower
otherwise, with a minimum value of 0. Sub-analyses were performed for homoge-
neous and rim-enhanced targets and targets located near the center and laterally.
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Figure 8.5: Measurement regions within an rim enhanced simulated target.
To be able to distinguish between the effects of the segmentation and the reconstruc-
tion algorithm, the second pass reconstructions were performed without masking
the iodine component, with the CNN-based segmentation, and with the true target
segmentation. All evaluations were performed on each of these three method vari-
ants.
In the reconstruction results, we first evaluated if the detection of rim enhancement
was improved when including the segmentation. This was done by calculating the
proportion of the reconstructed iodine concentration in the lateral edges (region 1 in
Fig. 8.5) and in the central region (region 2 in Fig. 8.5). The true rim thickness was
used for the rim enhanced targets and a value of 1 mm was used for the homoge-
neous targets. The proportions for both groups were then used to generate an ROC
curve, and the area under the curve (AUC) was used as metric for detectability.
After this, we evaluated the overall accuracy and precision (repeatability) of the
method by comparing the total amount of reconstructed iodine in each lesion with
the simulated ground truth. Here we prefer higher precision over higher accuracy,
because it is easier to include a calibration factor than to have large variations be-
tween consecutive scans when, for example, following up patients.
For the reconstructions including the CNN segmentation-based mask and the true
target mask, the total was determined by summing all pixel values of the recon-
structed iodine map in those regions. For the reconstructions without target seg-
mentation, the total was calculated by summing all pixel values above, below and in-
side the target, which is essentially the information obtained from a 2D dual-energy
contrast-enhanced mammogram. The reconstructed iodine fraction was then calcu-
lated by dividing this total by the ground truth.
Sub-analyses were performed for the homogeneous and edge-enhanced targets sep-
arately, and as a function of target iodine content.
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Figure 8.6: Difference between the maximum log-likelihood and the log-likelihood of
the three-material reconstruction.
8.3 Results
For both the two-material initialization and the three-material reconstruction we
found that convergence speed had slowed down after 200 volume updates, corre-
sponding to 20 and 100 iterations respectively when taking subsets into account. At
this point, the difference between log-likelihood and its maximum was reduced by
an order of magnitude, as can be seen in Fig. 8.6 for the three-material reconstruction.
On the other hand, visual inspection of the iodine component images showed little
difference after only 10 iterations (20 volume updates). Therefore the analyses were
performed for reconstructions after 10 and 100 iterations, both with a 20 iteration
initialization. Because the difference between the reconstructed iodine fraction at
these two convergence points turned out to be less than 2%, only the results after 10
iterations are presented here.
The median DSC of the segmented masks was 0.984 with interquartile range (IQR)
0.964 – 0.992. Only minimal differences were observed across the different types of
simulated targets, as presented in Table 8.3. Figure 8.7 shows a few example seg-
mentation results, spanning a range of DSC scores.
Detection of rim enhancement did not change when adding the CNN mask, with an
AUC [95% CI] of 0.877 [0.843–0.910] before and 0.867 [0.832–0.902] after. The AUC
did increase to 0.916 [0.889–0.942] when using the true mask in the reconstruction
(Fig. 8.8).
The reconstructed iodine proportions are listed in Table 8.4 and plotted in Fig. 8.9.
The means of the three groups were compared using ANOVA and Tukey’s multiple
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Table 8.3: Results in terms of DSC between original and estimated masks.
Median IQR Mean St.Dev. (%)
All data 0.984 0.964 – 0.992 0.966 0.056 (5.8%)
Central 0.982 0.959 – 0.991 0.960 0.067 (7.0%)
Lateral 0.985 0.973 – 0.992 0.972 0.042 (4.4%)
Homogeneous 0.984 0.967 – 0.992 0.970 0.061 (6.4%)
Edge enhanced 0.984 0.962 – 0.991 0.967 0.052 (5.3%)
Figure 8.7: Four example segmentation results showing ground truth on the top row,
iodine component of the reconstruction in the middle row, and CNN-based segmen-
tation on the bottom row. From left to right, the DSC are 0.763, 0.913, 0.984, and 0.995,
representing the 2nd, 8th, 50th, and 90th percentile of the scores.
Figure 8.8: ROC for differentiating homogeneous and edge-enhanced targets by com-
paring iodine concentration in the center and edge of the target.
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Table 8.4: Reconstructed iodine proportion.
Median IQR Mean St.Dev. (%)
No mask 0.675 0.626 – 0.746 0.716 0.166 (23.1%)
CNN mask 0.823 0.780 – 0.890 0.853 0.113 (13.2%)
True mask 0.825 0.782 – 0.893 0.854 0.107 (12.6%)
Figure 8.9: Proportion between the reconstructed iodine fraction and the true iodine
fraction for reconstructions without mask, with a CNN-based segmentation, and with
the true mask. The boxplot lines are at the 25th, 50th, and 75th percentiles, and the
whiskers are at the 2.5th and 97.5th percentiles.
comparison test, and the differences between each of the groups were found to be
significant (P<0.0001).
Variances of the three groups were compared using the F-test. Differences between
the uncorrected group and the groups using either of the reconstruction masks were
significant (P<0.0001). No significant difference was found between using the CNN-
based mask and the true mask (P=0.28).
Figure 8.10 shows the same results differently by plotting the total reconstructed
iodine content in each target as a function of its true value. Spearman correlation
coefficients [95% CI] were 0.948 [0.937–0.957], 0.984 [0.981–0.987], and 0.987 [0.985–
0.990] for the reconstructions without mask, with the segmentation-based mask, and
with the true mask, respectively. Results of the reconstructed iodine proportions as
a function of the total target iodine mass content are shown in Fig. 8.11. In these
data, a 2-way ANOVA found a significant effect caused by both total iodine mass
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Figure 8.10: Reconstructed total iodine mass as a function of the ground truth for
reconstructions without mask, with a CNN-based segmentation, and with the true
mask.
and reconstruction (P<0.0001), and no interaction between these effects (P=0.98).
8.4 Discussion
The presented simulation results show that our method results in more quantitative
reconstructions, significantly increasing the median recovered proportion from 68%
to 82% of the true iodine content, while significantly reducing the coefficient of vari-
ation from 23% to 13%.
A further comparison with reconstructions using the true iodine mask finds that our
CNN-based segmentation provides results that are very close (only 0.2% difference).
Even though this difference is statistically significant (P<0.0001), the segmentation
does not appear to be a limiting factor when considering simple ellipsoid targets.
The only place where we found a difference between reconstructions using the CNN-
based mask and the true segmentation was in differentiating between rim enhanced
and homogeneous targets. It is likely that, because this test was performed by mea-
suring iodine concentration in the target edge and center, small errors in segment-
ing the edges have a larger impact on this evaluation than on other measurements
which evaluate the entire target. In addition, we only relied on the average intensity
of the two parts of the target, without considering visual appearance, as the 2D slices
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Figure 8.11: Reconstructed iodine proportions as a function of the total target iodine
mass content. Data points show mean and standard deviation.
present an unfamiliar aspect to human observers. It would be interesting to examine
this further in 3D with an experiment similar to that presented by Sanchez de la Rosa
et al.217.
Except for a significantly increased computational cost, we do not expect any diffi-
culties moving the current segmentation to 3D data. The challenge will lie in extend-
ing the method to work on irregular and diffuse targets. In addition, the impact of
image noise on the performance of the method needs to be evaluated.
When considering the reconstructed iodine values, we find that even when includ-
ing the exact target outline, the iodine content is underestimated by around 18%.
The remaining attenuation is then placed in the adipose and glandular components
of the reconstructed image. Increasing the number of iterations by a factor of 10 only
reduced this to an underestimation of approximately 16%, which seems to indicate
that even if the values would converge, it would not be in a time span that is practical
in a clinical setting. Given that the reconstruction problem consists of a dual energy
limited angle dataset from which we try to reconstruct three material components,
and thus is a severely underdetermined problem, this very slow convergence is not
surprising.
From a practical point of view, this underestimation can be handled by a correction
factor, possibly dependent on target iodine content. The use of such a correction
factor necessitates a minimization of the variance of this under-estimation, making
improved precision an important future task.
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It is clear that this 2D simulation study only forms the first step in examining the
possibilities of combining deep learning-based image processing with limited an-
gle reconstruction problems. Although we do not expect any fundamentally differ-
ent behaviour in fully 3D simulated cases, we plan to increase the realism of the
simulations by including diffuse and irregular lesions, and adding some restrictions
in where the targets are placed relative to the fibro-glandular structures, instead of
the current random setup. Despite the necessary future work, we believe this work
shows that combining segmentation of a sparse iodine component to improve quan-
titative accuracy has promise and warrants further investigation.
8.5 Conclusion
To conclude, we demonstrated that it is possible to get more quantitative data from
contrast enhanced breast tomosynthesis by segmenting lesions in a first pass recon-
struction, and then limiting the iodine component to the segmented region in the
second pass reconstruction.
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Abstract
Purpose: To compare the performance of one-view digital breast tomosynthesis (1v-
DBT) to that of three other protocols combining DBT and mammography (DM) for
breast cancer detection.
Materials and methods: Six radiologists, three experienced with 1v-DBT in screen-
ing, retrospectively reviewed 181 cases (76 malignant, 50 benign, 55 normal) in two
sessions. First, they scored sequentially: 1v-DBT (medio-lateral oblique, MLO), 1v-
DBT (MLO) + 1v-DM (cranio-caudal, CC), and two-view DM + DBT (2v-DM+2v-
DBT). The second session involved only 2v-DM. Lesions were scored using BI-RADS
and level of suspiciousness (1-10). Sensitivity, specificity, receiver operating char-
acteristic (ROC) and jackknife alternative free-response ROC (JAFROC) were com-
puted.
Results: On average, 1v-DBT was non-inferior to any of the other protocols in terms
of the JAFROC figure-of-merit, area under the ROC curve, sensitivity or specificity
(P>0.391). While readers inexperienced with 1v-DBT screening improved their sensi-
tivity when adding more images (69% to 79%, P=0.019), experienced readers showed
similar sensitivity (76%) and specificity (70%) between 1v-DBT and 2v-DM+2v-DBT
(P=0.482). Sub-analysis by lesion type and breast density showed no difference
among modalities.
Conclusion: Detection performance with 1v-DBT is not statistically inferior to 2v-
DM or to 2v-DM+2v-DBT, and its use as a stand-alone modality might be sufficient
for readers experienced with this protocol.
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9.1 Introduction
Digital breast tomosynthesis (DBT) improves breast cancer detection and diagnosis
compared to digital mammography (DM).49,50,52,53,185,186,218,219 Instead of yielding a
two-dimensional (2D) image of the compressed breast as in DM, DBT acquires sev-
eral low-dose 2D projections over a limited angular range, which are then used to
reconstruct a pseudo-3D image of the breast.55 Therefore, DBT can ameliorate the
main limitation of DM: the anatomical noise due to tissue superposition. After years
of promising results pointing to its superiority to DM, DBT is now being consid-
ered to be used for population based breast cancer screening.75 However, there is no
agreement regarding how to implement DBT in screening.
Some implementations of DBT involve its use as an adjunct to DM. The main argu-
ments to perform DM in addition to DBT are the comparison to prior mammograms,
as well as results of some early studies that suggest that DBT is inferior for calcifi-
cation detection and characterization.220,221 However, the primary negative effects
of performing both modalities are an increase in reading time80,81 and in radiation
dose.222 The replacement of DM with synthetic 2D mammograms generated from
DBT volumes allows for comparison with priors and reduces the radiation dose,
while providing similar diagnostic performance as DM.89,90,175 Regarding calcifica-
tion detection, new studies indicate that DBT is not inferior to DM even for wide scan
angle DBT systems (those acquiring the projection images over an angular range of
40-50◦, more prone to blurring due to a more oblique x-ray incidence).223 Thus, the
ongoing evolution of the technique suggests the possibility of using DBT as a stand-
alone modality.
However, the vast technical differences among commercial systems may need to be
considered.55 Using a wide scan angle DBT system yields improved depth infor-
mation.176 Therefore, these systems better exploit the 3D advantage of DBT over
DM, and may make the acquisition of two views of the breast unnecessary. A large
screening trial has recently shown that using only the medio-lateral oblique (MLO)
view of a wide scan angle DBT system as a one-view stand-alone technique resulted
in a 43% breast cancer detection increase compared to two-view DM,52 supporting
earlier pilot studies.224 Other preliminary studies also showed that one-view DBT is
not significantly different than two-view DM, but they used a subject sample which
was enriched, either totally86,225 or partially,85 with lesions detected with standard
2v-DM, therefore only allowing for a determination of non-inferiority for DBT.
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In our study, we aim to further explore the potential of one-view DBT for breast
cancer detection in screening, by performing a retrospective reader study with an
enriched case dataset, comparing the clinical performance of one-view DBT (1v-DBT,
MLO) with three other protocols: 1v-DBT (MLO) plus 1v-DM (CC), two-view DM
(2v-DM), and 2v-DM plus 2v-DBT, something not yet reported during a same study.
Furthermore, we also evaluate the strengths of 1v-DBT as a standalone technique
stratified by lesion type, breast density, and radiologist experience in reading 1v-
DBT in a screening setup, which has not yet been studied.
9.2 Materials and Methods
Study population
This retrospective study was approved by the regional ethics board after summary
review, with waiver of a full review and informed consent. The study used DM
and DBT images from 181 women (median age 52 years, range 30-88 y) imaged at
our hospital between December 2014 and December 2015, who were recalled from
screening (33%) or had a clinical indication for imaging (67%). All the available can-
cer cases within the collection date were included, while benign and normal cases
were consecutively included to meet the proportions described below. Women with
a prior history of breast cancer or for whom the required views for this study were
unavailable were excluded (in total, 25). Within the cohort, 76 patients had malig-
nant lesions and 50 had benign lesions, all verified by histopathology. Four patients
had multiple lesions, 3 patients with 2 different malignant lesions and 1 patient with
one benign and one malignant lesion. In total, 130 lesions were diagnosed with
histopathological proof (79 malignant, 51 benign). The remaining 55 patient cases
were interpreted as normal (Breast Imaging Reporting and Data System, BI-RADS,
score 1 or 2), and had at least one year of negative imaging follow-up (mean follow-
up: 378 days). Detailed characteristics of patient cases and identified lesions are
presented in Tables 9.1 and 9.2. Density according to BI-RADS 5th Edition was ob-
tained from the radiological case report from clinical routine.
Patient images
All patients had undergone diagnostic breast imaging, using a commercial DBT sys-
tem (Mammomat Inspiration, Siemens, Erlangen, Germany). For each patient 2v-
DM and 2v-DBT (CC and MLO) were obtained. For DBT, the system acquires 25
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Cases (recalls from screening) 181 (60, 33%)
Normal 55 (0 ,0%)
Biopsied benign 50 (24 ,48%)
Biopsied malignant 76 (36 ,47%)
Age (y) 52 (30-88)
< 40 15 (8%)
40-49 51 (28%)
50-59 66 (37%)
60-69 33 (18%)
> 69 16 (9%)
Breast density 52 (30-88)
a 21 (12%)
b 78 (43%)
c 62 (34%)
d 20 (11%)
Table 9.1: Characteristics of the patients included in the observer study
low-dose projection images over an angular range of approximately 50 degrees (wide
angle breast tomosynthesis) in about 25 seconds.55 The projection images are subse-
quently reconstructed using a filtered back projection algorithm.68 Four different
unilateral (breast with the most suspicious findings, or randomly selected if normal)
image sets resembling four different imaging protocols were created for each pa-
tient: one-view breast tomosynthesis (1v-DBT, MLO), 1v-DBT (MLO) plus 1v-DM
(CC), 2v-DM, and 2v-DM plus 2v-DBT.
Study design
A retrospective reader study consisting of two reading sessions (Fig. 9.1) was de-
signed to evaluate the detection performance of the four protocols. The first session
had a sequential design with three distinct steps per patient, where the readers were
shown progressively 1v-DBT (MLO) (step 1), then 1v-DBT (MLO) plus 1v-DM (CC)
(step 2), and finally 2v-DM plus 2v-DBT (step 3). The second reading session was
performed at least 4 weeks (considered enough for a memory washout period) after
the first session and consisted of only the 2v-DM images. A training set consisting
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Total biopsied lesions 130
Benign and high-risk lesions 51
Histology Lesion type
Fibroadenoma 17
With soft tissue 30Hyperplasia 10
Fibrocystic changes 6
Single papilloma 3
With calcifications 24Lobular carcinoma in situ 3
Others† 12
Malignant lesions 79
Histology Lesion type
Invasive ductal carcinoma 40
With soft tissue 58Ductal carcinoma in situ 18
Inv. lobular carcinoma 13
Inv. papillary carcinoma 3
With calcifications 36
Others‡ 5
† Examples are inflammation, adenosis, duct ectasia and benign phylloides tumor.
‡ Examples are tubular carcinoma, non-Hodgkin lymphoma, and neuroendocrine carcinoma.
Table 9.2: Characteristics of the lesions included in the observer study
of 20 cases was reviewed to begin each session. The readers were blinded to any
information about the patient and any prior imaging.
At each step, the reader was asked to annotate and score all the detected suspicious
lesions. For each abnormality, the observer gave two scores: a forced BI-RADS as-
sessment (1 - Normal, 2 - Benign findings, 3 - Low probability of malignancy, 4 -
Suspicious of malignancy, 5 - Highly suspicious of malignancy) as established by the
American College of Radiology, and a level of suspiciousness score (10-point scale,
from 1 - high probability of benign; to 10 - high probability of malignancy).
The experiment was performed on an in-house developed workstation (CIRRUS Ob-
server, Diagnostic Image Analysis Group, Nijmegen, the Netherlands) using dual
5-MP or one 10-MP mammographic display(s). The workstation also automatically
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recorded reading times for each modality.
Figure 9.1: Schematic of the study design, where 1v-DBT (MLO) was compared to
1v-DBT (MLO) + 1v-DM (CC), to 2v-DBT + 2v-DM, and with respect to 2v-DM. The
study was carried out in two different reading sessions, the first one sequential, the
second one at least 4 weeks later.
Reference standard
The reference standard, including location and lesion type, was established by one
radiologist who did not participate in the study and had 13 years of experience in
DM and 2 in DBT, with knowledge of the clinical presentation, additional imaging
tests including priors and histopathology reports, when available.
Readers
Six breast radiologists performed the study. They are part of three different institu-
tions across two countries: the Netherlands and Sweden. We recognized two distinct
categorical groups of readers; the three readers from the Netherlands, who had no
experience in reading 1v-DBT as a stand-alone modality for breast cancer screening,
and the three readers from Sweden, who were experienced in this approach due to
participation in a large 1v-DBT screening trial.52 The three experienced readers with
1v-DBT have 3, 12 and 44 years of experience with mammography and 3, 9, and 10
years of experience with DBT. The three inexperienced readers with 1v-DBT have 17,
26 and 35 years of experience with mammography and 2, 2 and 3 years of clinical
experience with DBT in combo mode (2v-DM + 2v-DBT).
Statistical analysis
Four different analyses were performed. First, for a precise evaluation, a jackknife al-
ternative free-response receiver operating characteristic (JAFROC) analysis was per-
formed. For this, the lesion localizations by the readers (considered correct if within 2
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cm of the center of the reference standard) and the level of suspiciousness were used.
JAFROC provides a figure of merit (FoM) defined as the probability that a correctly
marked lesion, is rated higher than the highest-rated mark on a normal/benign case.
For the second analysis, receiver operating characteristic (ROC) curves and their area
under the curve (AUC) were computed. Since ROC analysis requires that diagnostic
confidence is expressed in an ordinal scale, level of suspiciousness and not BI-RADS
scores of the most suspicious finding per case were used.111 ROC analysis was re-
peated discriminating by lesion type (soft tissue lesions or calcifications, if a lesion
was composed of both types, it was counted on each category) and breast density
category (low, a and b; or high, c and d).
Significance testing of ROC and JAFROC was performed using the Dorfman-Berbaum-
Metz multiple reader, multiple case mixed model analysis of variance, which yields
a P-value for rejecting the null hypothesis that the four modalities have equal per-
formance. Random-reader and random-case analysis was performed.226–228
To study the impact that our results would have in a screening scenario, sensitivity
and specificity on a per-case basis were computed using BI-RADS categories, using
BI-RADS category 3 or higher defined as a positive interpretation. Cases with biop-
sied benign lesions were considered as false positives if they were rated positive by
the readers. Average sensitivity and specificity for all imaging protocols were com-
puted using a generalized linear model (GLM) to account for multiple reader, mul-
tiple case repeated measures. Parameter estimates of the GLM were bootstrapped
(n=1000). The all two-way GLM model was built with an unstructured covariance
matrix, using modality and reader as factors. To adjust for multiple comparison, the
least significant difference correction was used. Model based Wald 95% confidence
intervals were calculated. Statistical significance among modalities for each reader
was estimated using McNemar’s paired test.
Finally, reading times, defined as the time spent on evaluating, scoring, and anno-
tating 1v-DBT (first step of the first reading session) and 2v-DM (second reading
session), were compared using two-way repeated measures ANOVA. Outliers, de-
fined as times whose values extended beyond 1.5 standard deviations were removed.
Also, mean glandular doses were retrieved from the DICOM (Digital imaging and
communications in medicine) headers for comparison. Differences between modali-
ties for each reader were compared using a paired Student t-test.
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A two-tailed P-value lower than 0.05 was considered to indicate significant differ-
ence. All analyses were performed using SPSS (version 24, IBM Inc., Armonk, NY)
and open-access JAFROC software by Dev Chakraborty (version 4.2.1, available at
DevChakraborty.com).
9.3 Results
The JAFROC curves averaged for all readers are shown in Fig. 9.2 while individual
JAFROC FoM per reader and experience are shown in Table 9.3. There was no statis-
tical difference between 1v-DBT and the other protocols (P=0.522), either on average
or per reader. The FoM for 1v-DBT was similar to 2v-DM and slightly lower than
for the rest, while it was comparable between experienced and inexperienced read-
ers with 1v-DBT. Only a small difference was found in the JAFROC FoM between
experienced and inexperienced observers, the latter performing slightly better with
2v-DM. Relative results did not change if the biopsied benign cases were removed
from the analysis, and 1v-DBT yielded similar performance to the other three modal-
ities (P=0.459).
Figure 9.2: JAFROC analysis averaged for all readers for each reading protocol. The
lesion localization fraction is the number of correctly identified lesions divided by
total number of lesions (0 ≤ LLF ≤ 1), while the non-lesion localization fraction is
the number of marks which are not close to any lesions, divided by total number of
images (0 ≤ NLF); note the lack of an upper bound
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Reader 1v-DBT 1v-DBT
+1v-DM
2v-DBT
+2v-DM
2v-DM
R1 0.782 0.788 0.805 0.759
R2 0.764 0.757 0.785 0.799
R3 0.731 0.760 0.760 0.770
R4 (exp) 0.767 0.773 0.784 0.773
R5 (exp) 0.745 0.763 0.760 0.717
R6 (exp) 0.774 0.788 0.796 0.760
Inexperienced
with 1v-DBT
0.759
(0.692-0.825)
0.768
(0.706-0.831)
0.783
(0.720-0.847)
0.776
(0.709-0.843)
Experienced
with 1v-DBT
0.762
(0.700-0.825)
0.775
(0.713-0.837)
0.780
(0.717-0.844)
0.750
(0.680-0.820)
All 0.761
(0.699-0.822)
0.772
(0.711-0.832)
0.782
(0.721-0.842)
0.763
(0.699-0.827)
Table 9.3: JAFROC (jackknife alternative free-response receiver operating character-
istic) figure of merit (FoM) per reader and by reader group according to experience.
The FoM is defined as the probability that a malignant lesion is rated higher than
any mark on an image which does not contain malignancies (95% CI is shown within
parentheses).
The average radiologist’s ROC curve is shown in Fig. 9.3a for each imaging proto-
col. The AUC of 1v-DBT was not statistically significantly different than that of the
other protocols for the average of readers (p=0.391, Table 9.4 and Fig. 9.3a). Only
in two cases was 1v-DBT significantly different with respect to another protocol: for
one reader (experienced with 1v-DBT), the AUC was statistically better for 1v-DBT
than for 2v-DM (P=0.011), while for another reader (inexperienced with 1v-DBT) 1v-
DBT performed worse than 2v-DM (P=0.035). Experienced readers had only slightly
higher AUC for 1v-DBT than the inexperienced (Fig. 9.3b; experienced = 0.815 (CI:
0.760-0.871), inexperienced = 0.800 (CI: 0.746-0.855), not significant, P=0.775). On
the other hand, AUC for 2v-DM was lower (P=0.425) in the experienced (0.793, CI:
716-0.871) compared to the inexperienced group (0.831, CI: 775-0.887).
Using ROC analysis, no significant difference was found between 1v-DBT and the
other modalities either by separating the cases by breast density (low, P=0.601; or
high, P=0.323), or by separating the lesions by type (soft tissue, P=0.329; or calcifi-
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cations, P=0.499). It was also seen that 1v-DBT performs better than 2v-DM at low
false positive rates, both in ROC (Fig. 9.3a) and JAFROC (Fig. 9.2) analyses.
Figure 9.3: Average receiver operating characteristic (ROC) curves computed with
the level of suspiciousness score of the highest rated lesion on each case: (a) for each
imaging protocol considering all readers and (b) for 1v-DBT differentiating by groups
of experience with this protocol among readers.
1v-DBT 1v-DBT
+1v-DM
2v-DBT
+2v-DM
2v-DM
Average
reader
0.808
(0.754-0.862)
0.818
(0.766-0.870)
0.830
(0.778-0.883)
0.812
(0.752-0.872)
Table 9.4: Area under the curve of the average receiver operating characteristic (ROC)
curve for each of the studied imaging protocols. Parentheses indicate 95% confidence
intervals.
The sensitivity and specificity per reader and on average for each imaging protocol
is shown in Table 9.5 and Fig. 9.4. No difference was found between 1v-DBT and
the other modalities either for sensitivity (P=0.536) or specificity (P=0.553). There
were differences in the results among the six readers (P<0.001). For the group of
1v-DBT experienced radiologists, there was no statistically significant difference ei-
ther in sensitivity (P=0.776) or specificity (P=0.482) between 1v-DBT and the other
protocols. For the inexperienced group, sensitivity increased for all the other proto-
cols with respect to 1v-DBT (only significant for 2v-DM, from 69% to 79%, P=0.019),
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while specificity was slightly higher for 1v-DBT with respect to the other protocols
(not significant, P=0.777).
Figure 9.4: Average (a) sensitivity and (b) specificity (in %) on each imaging protocol,
for all the readers as well as differentiating by level of experience. Error bars indicate
Wald 95% confidence intervals. Significant differences with respect to 1v-DBT are
indicated with a (∗)
Two examples of cases that were correctly assessed by most readers in 1v-DBT and
not in 2v-DM are shown in Fig. 9.5 and 9.6, while two cases assessed correctly by
most readers in 2v-DM and not in 1v-DBT are displayed in Fig. 9.7 and 9.8. Appar-
ently, the effect DBT can have in benign lesions is bidirectional, sometimes leading
to increased suspiciousness and recall and sometimes reducing suspiciousness and
avoiding recall.
The mean glandular dose per study was equal between 1v-DBT (2.41 ± 0.87 mGy)
and 2v-DM (2.41 ± 0.83 mGy). The mean dose for 1v-DBT+1v-DM was 3.62 ± 1.25
mGy and for 2v-DBT+2v-DM was 7.23 ± 2.49 mGy. The average reading time was
higher for 1v-DBT with respect to 2v-DM (55 s versus 44 s, P<0.001, see Table 9.6).
For three readers there was no statistical difference between 1v-DBT and 2v-DM, and
no difference in reading time was found between experienced and inexperienced ob-
servers. A total of 41 reading time outliers were identified among all readers (median
6 outliers per reader, range 2-15).
9.4 Discussion
The results of our study suggest that one-view digital breast tomosynthesis is not
significantly different than two-view digital mammography and the combination of
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Reader 1v-DBT 1v-DBT
+1v-DM
2v-DBT
+2v-DM
2v-DM
Sensitivity
R1 78 (68-87) 83 (74-92) 82 (73-90) 83 (74-92)
R2 66 (55-77) 71 (61-81) 76 (67-86)∗ 79 (70-88)∗
R3 63 (52-74) 65 (53-75) 72 (62-83)∗ 74 (64-84)∗
R4 (exp) 78 (68-87) 78 (68-87) 80 (71-89) 75 (65-85)
R5 (exp) 68 (58-79) 72 (62-83) 67 (56-78) 65 (53-75)
R6 (exp) 80 (71-89) 79 (70-88) 79 (70-88) 78 (68-87)
Average 72 (68-76) 75 (71-79) 76 (72-80) 76 (72-80)
Specificity
R1 66 (56-75) 63 (53-72) 67 (58-76) 63 (53-72)
R2 84 (77-91) 79 (71-87) 84 (77-81) 82 (74-89)
R3 83 (76-90) 80 (72-88) 75 (67-84)∗ 82 (74-89)
R4 (exp) 68 (59-77) 66 (56-75) 65 (55-74) 73 (65-83)
R5 (exp) 77 (69-85) 76 (68-84) 78 (70-86) 78 (70-86)
R6 (exp) 66 (56-75) 66 (56-75) 67 (58-76) 71 (63-80)
Average 74 (71-78) 72 (68-76) 73 (69-76) 76 (72-79)
∗ Significant (P-value<0.05) difference with respect to 1v-DBT.
Table 9.5: Sensitivity and specificity (in %, within parentheses 95% Wald confidence
intervals) for the average of all readers and grouped by experience, using the BI-
RADS score of the most suspicions finding on each case.
two-view mammography plus two-view tomosynthesis for breast cancer detection.
The addition of 1v-DM (CC) to 1v-DBT (MLO), one of the protocols recommended
by some manufacturers, yielded an increase in sensitivity but also a small decrease
in specificity for the inexperienced readers. For the readers experienced with 1v-
DBT, no increase in sensitivity was found when adding 1v-DM to 1v-DBT, similar
to the results by Lång et al.229 In general, for experienced readers, 1v-DBT proved
to be enough in terms of sensitivity and specificity, and no added value was found
with extra views. The results of the inexperienced 1v-DBT reader group were dif-
ferent. These radiologists operate at a different point along the same ROC curve as
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(a) (b)
Figure 9.5: Example of a patient with a ductal carcinoma in situ grade II. This case
was recalled by three readers and two readers with 1v- DBT and 2v-DBT/2v-DM, re-
spectively, and it was not recalled by any reader with 2v-DM: (a) MLO tomosynthesis
slice where the lesion is in focus; (b) MLO mammography.
the experienced 1v-DBT reader group, either due to local screening practices or due
to their not being accustomed to arriving at a decision with a single view. Overall,
they had a higher specificity and lower sensitivity for 1v-DBT, that respectively de-
creased and increased when more images were added. The higher specificity could
be explained due to having more experience in reading mammograms. However,
their performance in terms of ROC was similar to that of the experienced readers,
suggesting that training could lead them to operate at the same point as the more
experienced readers with 1v-DBT.
These results are similar when taking lesion localization into account and computing
the figure-of-merit of the JAFROC analysis. Nevertheless, as could be expected, the
protocol with more images available for the radiologist, 2v-DBT plus 2v-DM, yielded
a slightly better, but not significant, performance. We also saw that 1v-DBT performs
better than 2v-DM at low false positives, which could be particularly relevant and
important for screening.
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(a) (b)
Figure 9.6: Example of a patient with a sclerosed fibroadenoma, recalled by one
reader with 1v- DBT, by one reader with 2v- DBT/2v-DM, and recalled by all six
readers with 2v-DM: (a) MLO tomosynthesis slice where the lesion is in focus; (b)
MLO and CC mammograph.
The experience level with mammography might have also played a role in our re-
sults. As suggested by some studies, the least experienced readers with mammog-
raphy benefit the most from using DBT.85,230 In our case, we observed that the less
experienced readers with mammography had a lower ROC performance with 2v-
DM than the others, but similar performance with 1v-DBT.
When looking at different lesion types, we found that 1v-DBT is not statistically in-
ferior to any other tested protocol for the task of detecting lesions with calcifications,
which adds to the results by other authors85,223,231 and suggests that DBT is not in-
ferior for the detection of calcifications even with a wide angle DBT system.
All these results suggest that the use of 1v-DBT as a stand-alone modality for breast
cancer screening may be feasible, since the added value of the other DBT view or
any DM views was not found significant in this study. Aside from the Malmo Breast
Tomosynthesis Screening Trial, which was performed with 1v-DBT,52 most screen-
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ing trials with DBT have used a protocol consisting of 2v-DBT with narrow angle
systems.49,89,90,175 All studies report equivalent increases in breast cancer detection
rates, and similar recall rates.75 Screening is different from clinical practice. A mass
screening policy always implies compromises due to constraints of costs, staffing, ra-
diation dose to the population and other factors. In clinical practice, such constraints
are less of an issue.
The Malmo Study showed a preliminary 43% increase in cancer detection rate with
1v-DBT compared with 2v-DM. Clearly, adding a CC-view in DBT would increase
the cancer detection rate marginally, just as e.g. adding breast ultrasound exami-
nation would do, something that is usually considered not feasible except in high
risk groups. In the future, screening is in all likelihood going to be individualized
based on risk profile. High risk groups will probably be offered something increas-
ing the sensitivity which may be another DBT view, ultrasound or even MRI, the
latter already being the case in many programs for women with the highest risk.
Nevertheless, in a screening scenario, we assume that if 2v-DBT is not feasible due
to implementation reasons, there is an overall benefit in detection achieved by per-
forming 1v-DBT instead of two-view DM. Finally, it is yet to be seen if 1v-DBT with a
narrow-angle DBT system yields at least the same performance as 2v-DM for breast
cancer detection, something not assessed in this work due to its single manufacturer
limitation.
The increased reading time for DBT in comparison to DM is still one of the pitfalls
that can be improved before implementing DBT in a screening setup.80,232 Certainly,
using one-view instead of two-view DBT, without losing clinical performance, could
ameliorate this problem. We observed that 1v-DBT took on average 25% longer to
read than 2v-DM (although for half of the observers reading times were equivalent).
Yet, it is also possible that longer loading times of DBT in comparison with DM in-
fluenced reading times in our study. Additional training of radiologists on reading
DBT, the inclusion of synthetic mammograms and computer aided detection systems
might aid speeding the reading of DBT.
The main limitation of our study is the fact that around 50% of the positive cases
in our dataset are recalls from the Dutch DM-based screening program. Therefore,
these were lesions already seen in 2v-DM. The lack of a true DBT screening popula-
tion in our study, or at least enrichment with lesions first detected with either modal-
ity, leads to a bias towards 2v-DM, and thus the true benefit of 1v-DBT in screening
might be larger than documented in our study. The real sensitivity and specificity
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of 1v-DBT in screening practice can only be assessed in a screening study, but our
study in contrast allows determination of the relative differences in reading mode.
We included all the cancer cases available at our institution, but the study could have
benefitted from additional cases detected by DBT screening programs. Also, there
were two different sets of radiologists involved in the readings, who might have dif-
ferent operating points based on local routine. Another minor limitation may be the
stepwise nature of the first reading session, rather than dividing into three different
sessions. Yet we believe the stepwise scheme could introduce a bias, if at all, against
1v-DBT, which does not affect the conclusion of this work.
9.5 Conclusion
Detection performance with 1v-DBT is not statistically inferior to the standard pro-
tocols of 2v-DM and 2v-DM+2v-DBT, and its use as a stand-alone modality might be
sufficient for readers experienced with this protocol. Based upon the overall equiv-
alent performance in terms of ROC and JAFROC analysis, experience with single
view DBT interpretation might change the operating point of radiologists, making
their sensitivity/specificity performance in a screening scenario equivalent to that of
two-view DM plus two-view DBT. Therefore, with a wide angle system and appro-
priate training, MLO view-only DBT might be feasible for breast cancer screening.
Reader 1v-DBT 2v-DM P-value
R1 58 (52-65) 36 (32-40) <0.001
R2 57 (52-63) 51 (46-57) 0.095
R3 42 (37-47) 46 (40-53) 0.281
R4 (exp) 63 (55-71) 64 (56-71) 0.880
R5 (exp) 56 (50-62) 31 (27-35) <0.001
R6 (exp) 55 (48-62) 35 (30-40) <0.001
Average 55 (52-59) 44 (40-48) <0.001
Table 9.6: Reading time (in seconds, mean value and 95% CI within parentheses) for
each reader and on average, compared between 1v-DBT and 2v-DM. Outliers greater
than 1.5 times the standard deviation of the data were removed.
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(a) (b)
Figure 9.7: Example of a patient with an invasive ductal carcinoma with ductal car-
cinoma in situ grade II, who was recalled by only one reader with 1v-DBT, by four
readers with 2v-DBT/2v-DM, and by all six readers with 2v-DM: (a) MLO tomosyn-
thesis slice where the lesion is in focus; (b) CC mammography.
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(a) (b)
Figure 9.8: Example of a patient with a fibroadenoma, recalled by four readers with
1v-DBT, by three readers with 2v-DBT/2v-DM, and only recalled by one reader with
2v-DM (all readers marked the lesion in all the modalities): (a) MLO tomosynthesis
slice where the lesion is in focus; (b) MLO and CC mammography.
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Abstract
Purpose: To compare breast cancer detection and depiction between planar syn-
thetic mammography (SM) and rotating synthetic mammography (RM) generated
from digital breast tomosynthesis (DBT).
Materials and methods: In a fully-crossed multi-reader multi-case (MRMC) study,
three radiologists retrospectively reviewed 190 cases (27 malignant, 31 benign, 132
normal), once with SM alone and once with RM alone, the DBT stack of slices was
not reviewed. Lesions were scored using BI-RADS and level of suspiciousness (1-
10). Sensitivity, specificity, and area under the receiver operating characteristic curve
(AUC) were computed using MRMC Analysis of Variance using the open-access
software iMRMC. Additionally, readers were asked to make a visual grading anal-
ysis (VGA) on visibility of calcifications and soft tissue lesions (1-5 scale with 5 =
Excellent visualization). The VGA scores were analyzed using the visual grading
characteristics (VGC) method.
Results: On average, the AUC was similar between SM and RM (0.66 versus 0.67,
P=0.818). The sensitivity was equivalent (0.62 versus 0.60, P=0.794), while specificity
was significantly lower in SM than in RM (0.66 versus 0.72, P=0.028). Radiologists
significantly (P<0.05) preferred the display of all types of lesions in RM over SM.
The average reading time per case was higher for RM than for SM (30 s versus 23 s,
P<0.05).
Conclusion: Radiologists achieve similar cancer detection with RM as with SM.
They prefer the 3D-like rotating representation of soft tissue lesions and calcifica-
tions in comparison to the 2D visualization, which might improve their specificity,
but at the expense of longer reading time.
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10.1 Introduction
Digital breast tomosynthesis (DBT) has been proven to achieve a higher breast can-
cer detection than digital mammography (DM)52,75,185. As opposed to the two-
dimensional (2D) nature of DM, DBT provides a pseudo-3D image of the breast,
which ameliorates the loss in sensitivity and specificity of DM because of tissue over-
lap55,57. DBT uses a modified DM system which acquires several low-dose 2D pro-
jections of the compressed breast from different angles that are later reconstructed
into a pseudo-3D volume. Therefore, DBT shares many of the advantages of DM
as a screening modality in terms of being a relatively cheap, non-invasive, and fast
procedure with a relatively low radiation dose222.
However, there are some concerns that need to be addressed before DBT can replace
DM for breast cancer screening. Radiologists rely heavily on the comparisons of the
current mammograms with prior acquisitions and with contralateral exams. This
becomes a tedious and time-consuming task with DBT due to the lack of being able
to achieve an instant overview of the entire breast. Instead, it is needed to scroll
through the entire stack of slices. Another concern are the conflicting results regard-
ing the visibility of calcifications with DBT alone103,220,221,223,231,233). Some authors
claim that the visibility is significantly inferior than with DM, whereas others re-
ported similar performance. A solution is to acquire both DBT + DM, however, this
results in at least double the radiation dose of DM alone, which, although may be
un-founded is a major perceived concern for a population-based screening scenario.
Therefore, in recent years extensive effort has been made to provide an alternative
to the double acquisition, which might be found in synthetic mammography (SM):
planar DM-like images generated from the DBT acquisition data.
Several studies have shown that SM has the potential to fully replace DM views
when used in conjunction with the DBT images, hence reducing the radiation dose
to the patient88–90,175. SM provides an instant overview of the DBT volume, which
allows for comparison with previous DM exams and saves the dose from the DM
acquisition. Recently, one vendor proposed the rotating synthetic mammography
(RM) as an alternative to SM, that could also be used to replace DM. RM consists of
a set of SM-like images generated from a rotating point of view, as if the breast were
rotating on top of the detector. It is a well-known phenomenon that the relative mo-
tion of features at different depths, motion parallax, aids in depth perception234. RM
aims to take advantage of this effect to provide a pseudo-3D view of the compressed
breast235,236. Up to now, the only studies about RM studied its performance within
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a combination protocol with DBT, and its stand-alone performance for calcification
detection in comparison to SM235,236. In our study, we further explored the stand-
alone potential of RM for breast cancer detection and depiction, in comparison to
SM. Additionally, the difference in detection performance between RM and DM was
also estimated.
10.2 Materials and Methods
Study Population
This retrospective study was approved by the regional ethics board after summary
review, with waiver of a full review and informed consent. A list of all women re-
called from the national DM-based screening program to our institution for imaging
workup between January 2016 and April 2017 was obtained (n = 282). From these,
a total of 190 women (median age 56 years, range 50-81) were randomly selected for
the study.
Within the cohort, 58 women underwent biopsy for imaging findings. Of these, 27
patients had malignant lesions and 31 had benign lesions, verified by histopathol-
ogy. The remaining 132 cases were diagnosed as normal or benign and verified by
at least one-year follow-up (Breast Imaging Reporting and Data System, BI-RADS
score of 1 or 2). More details about the included patients and lesions are presented
in Table Table 10.1.
Image acquisition
The study involved one breast and one view per case (medio-lateral oblique âA˘S¸
MLO). The biopsied breast was included for the abnormal cases, while one of the
breasts was chosen at random for the normal cases. All patients underwent a di-
agnostic breast exam using a Mammomat Inspiration DBT system (Siemens, Forch-
heim, Germany). During the DBT scan, this system acquires 25 low-dose projection
images over a range of approximately 50 degrees in about 21 seconds55. The DBT
slices as well as the SM and RM images are automatically generated from these pro-
jections.
The SM is a planar 2D mammography-like image, which is also available from other
DBT manufacturers89,102,175. The RM is a multiple angulated reconstruction from
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Case distribution Total = 190
Malignant 27 (14%)
17 IDC, 4 DCIS, 4 ILC, 2 IPC
23 soft tissue lesions, 4 calcifications
Benign 31 (16%)
7 FA, 7 FC, 6 ADH, 5 cysts, 6 other
14 soft tissue lesions, 17 calcifications
Normal 132 (82%)
Age distribution
Median age (years) 56 (range 50-81)
50-69 117 (62%)
60-69 46 (24%)
≥70 27 (14%)
Breast density distribution
Almost entirely fatty 21 (11%)
Scattered densities 97 (51%)
Heterogeneously dense 52 (27%)
Extremely dense 20 (11%)
Table 10.1: Characteristics of the patients and the lesions included in the observer
study. IDC = Invasive ductal carcinoma, DCIS = Ductal carcinoma in situ, ILC = Invasive
lobular carcinoma, IPC = Invasive papillary carcinoma, FA = Fibroadenoma, FC = Fibrocystic
changes, ADH = Atypical ductal hyperplasia, Others = 2 lobular carcinoma in situ, 2 scleros-
ing adenosis, 1 radial scar, 1 intraductal papillomatosis.
the DBT projections which yields a set of 2D mammogram-like images simulating
the depiction of the breast from 17 different equally spaced points of view around
a center of rotation located in the lower center of the perpendicular plane to the de-
tector plane (Fig. Fig. 10.1). These 17 images are depicting the rotation of the breast
from -16 to +16 degrees, in 2-degree increments. The zero-degree image of the RM
can be considered equivalent to the SM in terms of image quality, since the genera-
tion of these two images is done with similar algorithms.
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Figure 10.1: Schematic picture of the simulated 3D effect of the rotating synthetic
mammography reconstructed from the breast tomosynthesis projections.
Reader study design
A retrospective fully-crossed multi-reader multi-case (MRMC) study with two ses-
sions was performed to compare RM to SM. The reading was fully blinded to diag-
nostic reports and prior imaging, and sessions were separated by at least two weeks.
During each session, the readers alternately reviewed half of the cases with SM and
half with RM. A training set of 10 additional cases (not included in the final analysis)
was reviewed (with SM and RM) at the beginning of each session to become familiar
with the study and the workstation.
On a case basis, the reader was asked to give two scores based on the most suspicious
finding: a forced BI-RADS score (1 - Normal, 2 - Benign findings, 3 - Low probability
of malignancy, 4 - Suspicious of malignancy, 5 - Highly suspicious of malignancy),
and a level of suspicion score (10-point scale, where 10 represents high suspicious-
ness of malignancy). In addition, readers were asked to make a visual grading anal-
ysis (VGA) assessment on two aspects: visibility of calcifications and visibility of soft
tissue lesions (when present). For each aspect, they provided a 5-point scale quality
score between 1 (Not optimal visualization) and 5 (Excellent visualization). Readers
were asked to score both malignant and benign lesions.
Three breast radiologists performed the study. They had 14, 18, and 36 years of ex-
perience reading mammography, and 3, 3, and 4 years of experience reading DBT
(including SM and RM). The study was performed on an in-house developed work-
station using dual 5-MP monitors (CIRRUS Observer, Diagnostic Image Analysis
Group, Nijmegen, the Netherlands), which also automatically recorded reading times
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for each case.
Comparison to DM using a virtual reader study
For reference comparison of the performance of SM and RM to DM, an artificial in-
telligence (AI)-based computer system designed for breast cancer detection in mam-
mography (Transpara 1.4.0, ScreenPoint Medical BV, Nijmegen, The Netherlands)
was used as a virtual stand-alone reader in DM. This baseline comparison was per-
formed in a reduced sample, only for those cases which had DM available within
the same study under the same breast compression (n=156, which included all the 27
malignant cases; 34 normal cases were excluded from the original sample). For each
DM exam, the AI system yields a continuous score between 1-10 which indicates the
level of suspicion of the case (10 represents highly suspicious of malignancy).
Statistical analysis
Four different analyses were performed. A P-value lower than 0.05 indicated signif-
icant difference between SM and RM performance with 95% confidence.
First, receiver operating characteristic (ROC) curves and their area under the curve
(AUC) were computed using the level of suspiciousness score (and not BI-RADS
because an ordinal scale is needed for correct ROC analysis111). A random-reader
random-case mixed model analysis of variance was performed following the meth-
ods by Gallas et al. using the open-access iMRMC software (version 4.0.0, Division
of Imaging, Diagnostics, and Software Reliability, OSEL/CDRH/FDA, Silver Spring,
MD)108,237. iMRMC was also used to compare the performance of the AI system in
DM to that of radiologists in SM or RM (Bonferroni correction was applied here, and
significant differences were assumed if P<0.025). This software can handle arbitrary
study designs and can evaluate the performance of a single reader (the AI system),
if the data is formatted properly. Reader-averaged ROC curves were computed by
averaging the reader-specific non-parametric (trapezoidal) ROC curves along lines
perpendicular to the chance line112. Intra-reader AUC differences between modali-
ties were compared using the DeLong method238.
Sensitivity and specificity for each modality were computed using the BI-RADS
scores, considering a score ≤3 as a recall interpretation. Data was combined into
a binary format (recall / no recall), and then input into the iMRMC software which
computed and compared the average radiologists operating point between SM and
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RM.
The VGA was studied using the visual grading characteristics (VGC) method, im-
plemented in open-access software (VGC analyzer, version 1.0.2)239,240. VGC is a
non-parametric and rank-invariant method which compares two modalities by pro-
ducing a VGC curve, similar to how a ROC curve is generated from the scores on
normal and abnormal cases. The VGC curve plots the proportion of ratings (given
the image criteria score - ICS -) above a certain threshold for SM against the same
proportion for RM. The AUC of the VGC curve measures the separation between
the two rating distributions, with AUC>0.5 indicating in our case that RM was pre-
ferred over SM.
Finally, reading times, defined as the time spent detecting and scoring the suspi-
ciousness of the case (not the VGA part), were compared between SM and RM using
a generalized estimating equations (GEE) model, using modality, readers, and their
interaction as factors. Wald statistics were used to build the model. Outliers were
defined as values extending beyond 2 times the standard deviations and were re-
moved, since the readers could have been interrupted at any time.
10.3 Results
No difference was found between the ROC curves for SM and RM (Fig. 10.2; Ta-
ble 10.2). On average, the AUC was similar between SM and RM (0.66 versus 0.67,
P=0.818), where it was slightly higher with SM for two readers and higher with RM
for the other (all differences not significant, P>0.244). Radiologists reading SM and
RM had a lower AUC in comparison with the AI system reading DM (AUC = 0.81,
Fig. 10.3). This was significant for SM (AUC-DM - AUC-SM = 0.14 (95% CI = -0.244,
-0.040), P=0.011) and for RM (AUC-DM - AUC-RM = 0.14 (95% CI = -0.250, -0.020),
P=0.022).
The sensitivity was equivalent for SM and RM (0.62 versus 0.58, P=0.598), while
specificity was significantly lower in SM than in RM (0.65 versus 0.70, P=0.006) (Ta-
ble 10.3). An example of a case where radiologists improved specificity with RM
over SM is shown in Fig. 10.4, and an example of a case detected by the AI system in
DM but not by humans in SM or RM is shown in Fig. 10.5.
Radiologists significantly preferred the display of any type of lesions in RM over SM
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Figure 10.2: Average ROC curves across the three radiologists for synthetic mammog-
raphy (SM) and rotating synthetic mammography (RM), including the area under the
curve (AUC) within parentheses.
Figure 10.3: Human-averaged ROC curves across the three radiologists for synthetic
mammography (SM) and rotating synthetic mammography (RM) in comparison with
the artificial intelligence (AI) system ROC curve in digital mammography (DM). The
area under the curve (AUC) is included within parentheses. Differences with respect
to Fig. 10.2 are due to the slightly different populations.
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Figure 10.4: Example of a normal case that was incorrectly recalled by most radi-
ologists with synthetic mammography (SM) because of a soft tissue area with suspi-
cious appearance (outlined) but not recalled by any radiologist with rotating synthetic
mammography (RM), where the suspicious area can be visualized as a mere overlap
of normal tissue. Only three (central and extreme) of the 17 images in the RM are
shown here.
Figure 10.5: Example of a cancer case (lesion outlined) that was not detected by
any radiologist in synthetic mammography (SM) or rotating synthetic mammogra-
phy (RM) but was automatically scored by the artificial intelligence (AI) system in
digital mammography (DM) with the highest suspicion category.
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SM RM P-value
R1 0.71 (0.06) 0.69 (0.06) 0.675
R2 0.67 (0.06) 0.73 (0.06) 0.244
R3 0.62 (0.06) 0.61 (0.06) 0.927
Average 0.67 (0.05) 0.68 (0.06) 0.818
Table 10.2: Area under the receiver operating characteristic curves (AUC) for each
reader and on average computed for both modalities: synthetic mammography (SM)
and rotating synthetic mammography (RM). In parentheses the standard errors (SE)
of the AUC values are shown.
SM RM P-value
Sensitivity 62 (1) 58 (2) 0.598
Specificity 65 (1) 70 (1) 0.006
Table 10.3: Average sensitivity and specificity (in %) across radiologists computed
for both modalities: synthetic mammography (SM) and rotating synthetic mammog-
raphy (RM). In parentheses the standard errors (SE) of the values are shown.
(Fig. 10.6). The AUC of the VGC curve was 0.602 (95% CI = 0.506, 0.710, P=0.006)
for soft tissue lesions and 0.619 for calcifications (95% CI = 0.477, 0.733, P=0.024). An
example case in which all readers scored RM as having better calcification visualiza-
tion than SM is shown in Fig. 10.7.
The average reading time per case was higher for RM than for SM (30 s versus 23
s, P<0.05, Table 10.4), significant for two readers. A total of 138 (12%) reading time
outliers were identified among all readers.
10.4 Discussion
The results from our study show that although radiologists have a similar breast can-
cer detection performance with rotating synthetic mammography in comparison to
the standard planar synthetic mammography, they significantly prefer how RM de-
picts breast cancer lesions. The 3D-like volume simulated by the RM also enhances
specificity, without losing sensitivity.
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Figure 10.6: Visual grading characteristic (VGC) curve which plots the proportion of
ratings (given the image criteria score - ICS -) above a certain threshold for synthetic
mammography (SM) against the same proportion for rotating mammography (RM).
The AUC of the VGC curve is shown within parentheses, which measures the sep-
aration between the two rating distributions, with AUC>0.5 indicating that RM was
preferred over SM.
Figure 10.7: Example of a case with malignant calcifications that was scored by all
the radiologists as better visualized in rotating synthetic mammography (RM) than
in synthetic mammography (SM). Only three (central and extreme) of the 17 images
in the RM are shown here.
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SM RM P-value
R1 12 (11-13) 13 (12-14) 0.177
R2 31 (27-34) 44 (39-49) <0.001
R3 27 (25-30) 32 (29-35) <0.001
Average 23 (22-25) 30 (28-32) <0.001
Table 10.4: Average reading time per case (s) for both modalities: synthetic mammog-
raphy (SM) and rotating synthetic mammography (RM). Parentheses show the 95%
confidence intervals.
One of the main hypotheses for RM is that it might help radiologists detect and diag-
nose clusters of calcifications by providing a detailed 3D map of their distribution.
Our results support this and are in line with those obtained by Neubauer et al236.
However, we also demonstrated that readers prefer RM over SM for all types of le-
sions, not only calcifications.
The main pitfall of RM in our study was a longer reading time per case. However,
readers might be more used to evaluating 2D images, such as DM or SM, rather than
RM. As with any new imaging modality, there could be a learning curve that might
eventually shorten reading times of RM and might increase detection performance
with RM. Since DBT already increases reading time in comparison to DM80,81,232, it is
important that the adjunct synthetic image does not further delay the reading, unless
there is a performance improvement. However, how the reading time of RM and SM
would vary when used in conjunction with the DBT stack could be different than
under the conditions studied here, since perhaps the radiologist would spend less
time with the synthetic mammograms before assessing the DBT stack. It should be
noted that Tani et al235 showed no improvement in terms of AUC when adding RM
to DBT alone. However, in that study, priors were not included, and it is especially
for this type of overall breast tissue comparison that the synthetic mammograms
would have its greatest expected impact.
The potential use of synthetic mammography (either RM or SM) as a replacement for
DM in a combination protocol (e.g. as an adjunct to DBT) for breast cancer screening
partially depends on having at least a DM-like stand-alone performance, which has
already been shown for other types of SM102,241. In our study, SM and RM suggested
lower detection performance than DM, showing that these synthesized images still
have room for improvement. This difference was computed using an AI-based sys-
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tem for breast cancer detection as virtual reader of DM and different mammogram
populations, and therefore the actual difference for radiologists might vary. This
novelty of using an AI-based system instead of breast radiologists proved useful in
our study. Not only resources were saved, but the experiment could be performed
in a significantly less amount of time. It can be expected that in the future, more
stand-alone AI systems could be used as virtual readers, facilitating and speeding
up research observer performance studies.
Introducing AI-based methods into the generation of the synthetic mammography
is likely a solution that could boost the performance of any type of synthetic mam-
mography up to (or beyond) the level of DM242, and a new evaluation of these im-
ages would be required. In fact, an ideal AI-based synthetic image should allow
a reader performance like reading the full DBT volume, since both are generated
from the same set of acquisition projections. Some studies have assessed the stand-
alone diagnostic value of different vendors’ current synthetic mammography alone
in comparisons with DBT, concluding that SM achieves significantly inferior cancer
detection performance than DBT102,243.
Our study was limited by the sample size and number of readers. An increase
in (malignant) cases, readers, and a reading protocol and setting similar to that of
screening (bilateral and with priors) would allow a more definite conclusion about
the potential use of RM as an adjunct to DBT. Nevertheless, before performing such
studies, our results show that new versions of RM/SM that allow a reading perfor-
mance closer to DM are desired.
10.5 Conclusion
Radiologists achieve similar cancer detection with rotating synthetic mammography
as with planar synthetic mammography. They prefer the 3D-like rotating represen-
tation of soft tissue lesions and calcifications compared to 2D visualization, which
might improve their specificity, but at the expense of a slightly longer reading time.
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In this chapter, I discuss the contributions and advances we have made with this thesis to
provide more insight into the use of artificial intelligence systems and digital breast tomosyn-
thesis to improve breast cancer detection and population-based screening programs.
Artificial Intelligence
to help radiologists reading mammograms
How accurate can AI detect breast cancer compared to radiologists?
As accurately as a radiologist. This thesis started by reporting for the first time in
literature strong evidence showing that the recent introduction of deep learning al-
gorithms has narrowed the gap between AI systems and human experts in detecting
breast cancer in digital mammograms. The large and heterogeneous population of
cases and the 101 radiologists used in the study reported in Chapter 1 show that our
findings might hold true across different lesion types, mammography systems and
country-specific practices.
Despite computer-aided detection systems for mammography having been used for
the last 20 years, none have been reported to have an accuracy comparable to radi-
ologists, or even to have a significant positive impact in breast cancer screening pro-
grams36. Only now, after the widespread application of deep learning algorithms
for cognitive tasks such as detection in medical imaging, some other authors have
reported an almost-human-like performance of deep learning-based systems, but in
limited scenarios41–43.
Future work, not assessed in our study due to lack of information in our data, is
to analyze the AI system performance per lesion type, tumor characteristics, or tak-
ing localization into account (especially to verify the potential of using such an AI
system as a reader aid). Similarly, it is unknown whether the AI system performs
better or worse than radiologists as a function of the experience of the latter. How-
ever, the heterogeneity of experience seen in our data is representative of that seen
in screening practice. Consequently, we can conclude that the AI system is as good
as an average screening radiologist.
In any case, the performance of AI was consistently lower than the best radiologists,
demonstrating that there is still room for improvement. This could be explained by
the fact that radiologists interpret more information (e.g. comparisons with prior
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exams and contralateral breasts) than the evaluated AI system. An ideal AI sys-
tem should be able to perform up to the limitations of the imaging modality itself;
in other words, be only incapable of detecting mammographically occult cancers,
while minimizing false positive findings. Continuous developments in AI and deep
learning algorithms show that such an ideal AI system might not be science fiction
but rather just a question of time.
Artificial intelligence that functions at the level of an expert radiologist for breast
cancer detection in mammograms might herald a change in the breast healthcare
workflow, whether in a screening or clinical setting. Chapter 2 and Chapter 3 explore
the optimal integration of such a system in the breast care pathway, and set the first
steps towards the evaluation of the final impact that this type of AI technology can
have on patient care.
What is the impact of AI in radiologists’ performance?
Radiologists become more accurate without a penalty of a longer reading time. This was the
main finding of Chapter 2. Given the high AI performance reported in Chapter 1, the
next research question was to study if radiologists could benefit from concurrently
using such AI to support their reading of mammograms.
Radiologists significantly improved their accuracy (in terms of area under the ROC
curve) when using AI support, and this was seen after they read approximately just
300 mammograms with the system (combining the study itself and training). As
with any new technology or imaging modality, there is a learning curve, and more
improvement might be achieved, in terms of higher AUC and faster reading time,
with further experience with the system. Not really surprisingly, the increase in
AUC with AI support was larger for the radiologists who were least experienced
with mammography. We did not observe a difference in unaided performance based
upon experience. The finding is remarkably similar to the reported benefits in per-
formance when adding digital breast tomosynthesis to mammography125, which is
higher for the least experienced radiologists. This might imply that more experi-
enced radiologists are less likely, or slower, to adopt new techniques to improve
their performance.
Another benefit of using a system for support is that radiologists became more con-
sistent in their scores, which might have an especially positive effect in countries
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with single-reading screening practices.
Given the high workload of screening programs, from the cost-effectiveness point
of view, the detection accuracy benefit of using AI support is further enhanced by
the fact that radiologists do not lengthen their reading when using this system. In
fact, in a real screening scenario the average reading time per case would actually
decrease by approximately 4.5%. This means that the exam-based score provided
by the system (something different than standard CAD systems) has the potential
to make radiologist readings more efficient, increasing their attention in the most
suspicious exams while reassuring them in the least suspicious exams, which leads
to faster reading. Moreover, the observed learning curve implies that more practice
with the system might yield even shorter reading times.
Up to now, using traditional CAD systems (designed only to avoid overlook errors)
in screening practice did not lead to radiologists being more accurate36). This is
mainly because of their low specificity, but also because the human-system interac-
tion should be more effective than merely showing marks in the images (prompts)
to point radiologists where to look244. The investigated AI system provides radi-
ologists with more support than just prompts by incorporating interactive decision
support and an exam-based likelihood score for the presence of cancer. The concept
of "interactive decision support" used by this AI system was validated by Hupse
et al in 201344, and showed to be of more benefit than the traditional marks ap-
proach. Now, our findings of Chapter 2 encourage further investigation of the impact
of such an AI system in actual screening performance of radiologists, to demonstrate
if the combination of high stand-alone AI accuracy combined with effective human-
system interaction can finally lead to more accurate screening reading.
How can AI improve the workflow of screening programs?
By helping the radiologists where they need it the most. The application of AI to improve
the workflow of breast cancer screening programs will likely vary from practice to
practice, but might eventually turn equally useful. AI should not be regarded as a
substitute for radiologists, but as a tool to aid them. It is a fact that, in many coun-
tries, the workload of screening programs keeps rising while at the same time there
is an increasing lack of specialized breast radiologists to read the exams. In our opin-
ion, if AI systems are to be used in screening, radiologists and/or the organizations
they work in should decide how to use it and are responsible for the consequences
associated with its use.
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The high stand-alone performance of AI reported in Chapter 1 suggests that using AI
systems as a prioritization or a triaging tool should be effective. Something as simple
as automatically sorting the work lists every morning by the exam-based AI cancer
likelihood score could help to faster recall patients with cancer, and eventually to
faster start treatment.
Chapter 3 investigated the possibility to discriminate between screening mammogra-
phy exams that have a higher and a lower likelihood that cancer is present. Exams
with a lower likelihood of containing cancer could be excluded from human eval-
uation since the cancer prevalence is extremely low, and hence they could be confi-
dently assumed to be normal, thus reducing the reading workload for radiologists.
When creating two groups of exams, our results point to a trade-off between reduc-
ing workload and risking to exclude exams with cancer, which depends on the AI
score threshold chosen to create the two groups. Another factor to consider is that
the exclusion of cases with benign lesions may improve the specificity of screening,
thus reducing possible harms associated with false-positive recalls. The similarity of
ROC curves after exclusion of cases suggests that the negative effect of dismissing
exams with cancer is partially balanced by the dismissal of these false positive as-
sessments. Eventually, this negative effect can be completely balanced by reducing
false negatives in the group of exams that is still read, when the recall rate is kept the
same.
If "exclusion" is a controversial scenario, an alternative possibility is to replace double-
reading by single-reading for those exams with the lowest probability of harboring
cancer, since the impact of double reading might be minimal given such low cancer
prevalence. In this same direction, maybe for those exams labeled by the AI as the
most suspicious, single-reading may be enough to correctly identify and recall these
women.
Because mass screening per se is a balance between benefits, harms, and costs, based
upon our findings automated pre-selection of possibly abnormal and definitively
normal cases may therefore be a valid alternative for current screening practice.
However, further testing of this pre-selection in real screening populations is re-
quired to validate our findings also in terms of recall rates, true positive and false
positive screen assessments, and interval cancer rate.
Given the positive impact of concurrently using AI for support in radiologists’ per-
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formance reported in Chapter 2, and the stand-alone performance of AI reported in
Chapter 1, it could be hypothesized that single-reading plus AI support might be
equivalent to going from single-reading to double-reading (10-15% improvement in
sensitivity115,245,246). This is something worth investigating as a next step.
But even more impactful could be the introduction of AI in breast radiology in devel-
oping regions, where there is a lack of breast radiologists and an absence of (quality)
screening programs. By allowing fast and robust training of radiologists as well as
a high degree of automation, breast cancer screening programs in developing coun-
tries could benefit greatly from the use of AI systems.
Breast tomosynthesis as an evolution of mammography
Are we done improving breast tomosynthesis?
Likely not. The advances in machine learning and deep learning algorithms have
skyrocketed in the last years within the realm of medical imaging39. Because of the
under-sampling of the frequency space in DBT, deep learning-based applications
aiming to optimize the image quality of reconstructed DBT volumes are being con-
tinuously developed60,74, but still, the DBT systems at the clinics rely on non-deep
learning image processing. The current DBT systems already proved to be more ac-
curate than mammography for breast cancer detection93, but this does not mean that
there is no further room for improvement.
With this thesis, we have aimed to collaborate to further improve and assess image
quality in DBT.
Chapter 4 and Chapter 5 established for the first time a patient-based 3D model of the
compressed breast shape undergoing DBT, which is fundamental in many steps of
DBT research. This model allows the generation of random new compressed breast
shapes, with varying thickness, shape, and external curvature. The novelty of using
a structured light 3D surface imaging technique to parametrize actual compressed
breast shapes, the basis for the developed model, was useful to yield more in-depth
information about breast structure. Future applications of this technique could help
to determine if the shape of the arc of breast tissue between compression paddle and
support plate varies with age and/or glandular density. It could be expected that
more glandular breasts are less affected by gravity, even during compression, than
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more adipose breasts. Another possible application is to investigate if this imag-
ing combined with something such as pressure imaging247, could also be eventually
used for diagnostic purposes.
On the basis of this breast shape model, in Chapter 6 we developed a software method-
ology to correct scatter radiation in DBT projections without the need of a physical
grid. The core of the method is based on reproducing the complexity and time-
consuming process of a Monte Carlo simulation, where hundreds of millions of pho-
tons are simulated to reproduce a DBT acquisition, with a deep learning CNN. The
result is that the CNN can reproduce a Monte Carlo simulation of the scatter radi-
ation in DBT with an accuracy within 1%, and 10.000 times faster. Our approach,
compared to others which have been reported is not only the most accurate in re-
producing the Monte Carlo simulation but also the fastest, suggesting that it would
be feasible to implement in clinical practice64–67. Real-time and accurate correction
of scatter radiation in DBT might have a clinical impact in terms of improved image
quality65. Moreover, correcting for scatter is the first step to allow for quantitative
measurements in DBT, and allows for the reduction of breast compression force in
DBT (when breast thickness is increased) without losing image quality. Some clinical
studies have proposed that compression in DBT could be reduced up to 50%54,248,
since tissue overlap is less of an issue, in comparison to mammography.
Future work is to extrapolate the findings from Chapters 4, 5 and 6 to the MLO
view. This should be relatively straightforward given that similar methods can be
followed, or the application of MLO view could also be extrapolated from the mod-
els developed for the CC view, similar to the work by Lu et al67.
A crucial aspect of the development of new algorithms to generate DBT images is
to continuously assess their impact in clinical situations. Chapter 7 aimed to evalu-
ate the new DBT reconstruction algorithm installed at our clinical site, to validate
that the new DBT images provided by the vendor had an advantage. The new re-
construction algorithm, not based on deep learning, included additional non-linear
processing methods on the standard analytical filtered back projection algorithm,
which enhance the visualization of DBT images, degraded due to the acquisition
limitations of DBT. In particular, the human observers reported that image contrast
is enhanced, the presence of artifacts reduced, and calcifications are better visualized.
Chapter 7 showed that calcification visualization in DBT can be further improved.
Originally, after the introduction of DBT, some authors reported concerns that DBT
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alone was not enough to detect calcifications in comparison to mammography231.
Using post-processing methods could therefore be an option to enhance calcification
visualization and help towards the stand-alone use of DBT.
Interestingly, Chapter 7 also showed a benefit for the performance of a deep-learning
based system when it comes to classification of calcifications. In the future, given the
implementation of new detection algorithms to assist radiologists reading mammo-
grams, the impact of improved image quality on the detection performance of an AI
system is something that should be controlled, and likely quality control procedures
might take this into account.
Finally, in Chapter 8 we have developed a preliminary methodology by combining
advanced reconstruction and deep learning algorithms that for the first time could
allow for quantitative contrast-enhanced DBT. This would mean that the iodine con-
tent in tumors could be accurately measured with DBT, despite the limitations of
the quasi-3D acquisition and its inherent artefacts. In the future, the methodology
will be further improved by using the breast shape model developed in Chapter 5, the
scatter correction developed in Chapter 6, and other deep learning techniques such as
a direct deep learning based reconstruction model74. This would broaden the use of
DBT for clinical post-diagnosis care of breast cancer (improving tumor staging, treat-
ment response prediction and monitoring). The added value of quantitative contrast
enhanced DBT in comparison to MRI or Breast CT is eventually future research.
One-view breast tomosynthesis: enough for screening?
Yes, but radiologists need to be trained (and synthetic mammograms have to be used). In
a screening trial, Zackrisson et al54 showed a 34% increase in cancer detection rate
with one-view DBT compared with two-view mammography. In Chapter 9 we found
a similar detection performance between one-view DBT and two-view mammogra-
phy, but this is a limitation of the way that data was collected for our study: based
on mammography-detected cancers. However, two important findings could be de-
rived from our study.
First, one-view DBT was not significantly different than two-view mammography,
one-view DBT plus one-view mammography, nor the combination of two-view mam-
mography plus two-view DBT. Clearly, adding more views to one-view DBT would
increase the cancer detection rate marginally, just as e.g. additional views would do,
something that is usually considered not feasible except in specific situations. As dis-
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cussed before, for the possible implementations of AI in screening, mass-screening
policy always implies compromises due to constraints of costs, staffing, radiation
dose to the population, and other factors.
Second, for experienced readers with one-view DBT, this protocol proved to be enough
in terms of sensitivity and specificity, and no added value was found with extra
views (as opposed to the readers who were not experienced with one-view DBT).
This points to the fact that training and experience are important before screening
with such a protocol, given the differences with respect to the long-time used two-
view mammography protocol.
It has to be noted that one-view DBT has only been proven to be sufficient for screen-
ing with wide-angle DBT systems (approximately 45 degrees angular range). The
use of one-view DBT with a narrow-angle systems is something that remains to be
studied, and that from a theoretical point of view might not be an optimal screening
protocol because of the low vertical resolution of these systems57.
The performance of one-view DBT reported in Chapter 9 is also equivalent to mam-
mography when considering only lesions with calcifications, suggesting that, albeit
calcification depiction with DBT being worse than with mammography249, it has no
impact in the detection and characterization of the lesion. This is consistent with
the results by Clauser et al223, and adds proof to definitely discard early claims that
mammography is needed because DBT alone is not enough for calcification detec-
tion220.
One-view DBT alone is a viable protocol for breast cancer screening. But as reported
in Chapter 9, it takes 25% longer reading time for just a single volume of DBT in
comparison to two-view mammography, making the use of protocols to accelerate
the reading necessary. The use of a synthetic mammogram automatically generated
from the DBT acquisition that can be used as an overview of the DBT volume might
be the best solution to shorten reading times250. In Chapter 10 we evaluated two
types of synthetic mammograms that can be used as an adjunct to DBT, planar syn-
thetic and rotating-like synthetic. The results from our study show that although ra-
diologists have a similar breast cancer detection performance with rotating synthetic
mammography in comparison to the standard planar synthetic mammography, they
significantly prefer how RM depicts breast cancer lesions. The 3D-like volume simu-
lated by the RM also enhances specificity, without losing sensitivity, and it could be
an alternative to the already widely-studied 2D SM.
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Synthetic mammograms are continuously evolving, where the inclusion of AI-based
methods in their generation might allow for further reduction in reading time of
DBT exams242,250. The possibility that AI detects suspicious findings in DBT slices,
and then enhances them on the synthetic, is a topic of much research. This would
allow the radiologists to use the synthetic as a first diagnostic image (similar to what
most of them are used to, diagnosing on 2D digital mammography), which could be
even used as a stand-alone tool for those cases for which reviewing DBT is deemed
unnecessary.
Summarizing, DBT is an exciting modality shown to improve breast cancer detec-
tion compared to mammography. Nevertheless, DBT is still under continuous de-
velopment with AI-based approaches leading the emergence of a new generation of
enhanced DBT systems and DBT images to make it faster to read, more accurate, and
more functional.
How might screening look like in 10 years from now?
Population-based screening programs with mammography started more than 40
years ago18,19. Since then, apart from the transition from film to digital mammogra-
phy24, no worldwide evolution has happened and still all programs screen women
with a one-size-fits-all scheme, by taking the CC and MLO mammography views of
both breasts, which are then sent to the radiologists for their review.
However, in the last few years, the increasing proof of DBT achieving higher detec-
tion accuracy in screening as well as the colossal advances in AI algorithms for breast
cancer detection in mammograms have started to change the screening perspective
all across the globe40,93.
The new way of doing mass breast cancer screening will probably be based on DBT.
However, to make DBT as cost-effective as mammography, AI-based strategies need
to be introduced to speed up reading time and effectiveness of DBT, some of which
have been discussed in this thesis. Triaging the screening mammograms and intro-
ducing synthetic images to serve as summaries of the DBT volume are likely the key
directions. This is also considering the increasing lack of breast radiologists.
In the distant future, the one-size-fits-all scheme of mass screening might be replaced
by individualized screening based on risk profile. High-risk groups will probably be
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offered something increasing the sensitivity which may be another DBT view, ultra-
sound or even MRI, the latter already being the case in many programs for women
at the highest risk. In any case, it is very likely that even this risk stratification might
be AI-based, because, certainly, healthcare is undergoing a transformation towards
further automation powered by high-quality AI algorithms and the access to large
databases of information.
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Breast cancer is the most common cancer in women, with almost 2 million new cases diag-
nosed every year around the globe. However, despite important improvements in awareness,
detection, diagnosis, and treatment, breast cancer is still a major cause of mortality, account-
ing for approximately 500,000 annual deaths worldwide. Breast cancer mortality has de-
creased in the past decades, primarily because of the introduction of population-based screen-
ing programs with mammography and improvements in therapy. By imaging asymptomatic
women periodically, breast cancer can be detected early, improving prognosis. However, these
screening programs are far from perfect. The use of mammography -a 2D technique- to im-
age the 3D volume of the breast leads to cancers being missed and for many false positive
assessments. Another issue is the current labor-intensive screening workflow, in which radi-
ologists must assess millions of exams yearly, of which actually only less than 1% result in
a cancer diagnosis. This screening process is heavily threatened by the increasing scarcity of
radiologists.
Artificial intelligence (AI) has blossomed in recent years, with new algorithms able to boost
computers to accuracy levels similar to specialized humans for many medical imaging tasks.
Digital breast tomosynthesis (DBT) is a new technique based on mammography principles,
which can provide a pseudo-3D image of the breast, therefore improving the visualization
of breast cancer. These two technologies, AI and DBT, when combined in an optimal way,
might hold the promise of both improving screening outcomes and increasing the efficiency
of screening. The main objective of this thesis was to investigate, assess, and optimize AI and
DBT. A summary of the main findings of this thesis is described in this section.
Part I. Evaluation of AI for breast cancer detection in mammography
In this part we investigated the possible impact of of AI for breast cancer detection
in digital mammography (DM).
Chapter 1 evaluated the stand-alone performance of a deep learning-based AI sys-
tem for breast cancer detection compared to radiologists. A total of 2,652 exams (653
malignant) and interpretations by 101 radiologists (28,296 independent exam inter-
pretations) were collected. All these exams were automatically analyzed by an AI
system, yielding a level of suspicion of cancer present between 1 and 10 (highly sus-
picious of malignancy). The result showed that the performance of the AI system
was statistically not inferior to that of the average of the 101 radiologists. The area
under the receiver operating characteristic curve (AUC) was 0.840 for the AI system
and 0.814 for the average of radiologists (95% confidence interval of the difference
= (-0.003 to 0. 055)), thus we were able to reject a non-inferiority hypothesis. Fur-
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thermore, the AI system had an AUC higher than 61% of the radiologists. Artificial
intelligence that functions at the level of an expert radiologist for breast cancer de-
tection in mammograms could herald a change in the breast healthcare workflow,
either in a screening or clinical setting. Chapter 2 and Chapter 3 explored the opti-
mal integration of such an AI system in the breast care pathway, and evaluated the
potential impact that this type of AI technology can have on patient care.
Chapter 2 assessed the impact on radiologists’ performance of using an AI system as
a reading aid. For this, an enriched retrospective, fully-crossed, multi-reader multi-
case study was performed. Screening DM exams from 240 women (100 with can-
cer) were interpreted by 14 radiologists, once with and once without AI support,
providing a BI-RADS score and probability of malignancy. AI support provided ra-
diologists with: interactive decision support - clicking on a breast region yields a
local cancer likelihood score; traditional lesion markers for computer-detected ab-
normalities; an exam-based cancer likelihood score. The results showed that, on av-
erage, AUC was higher with AI support compared to unaided reading (0.89 vs 0.87,
P=0.002). Sensitivity increased with AI support (86% vs 83%, P=0.046), while speci-
ficity trended towards improvement (79% vs 77%, P=0.06). Reading time per case
was similar (unaided = 146 seconds, AI-supported = 149 seconds, P=0.15). Given
the high workload of screening programs, from the cost-effectiveness point of view,
the detection accuracy benefit of using AI support is further enhanced by the fact
that radiologists do not lengthen their reading when using an AI system in this way.
Also in this study, the AI system alone achieved a similar AUC as the average of
the 14 radiologists (0.89 vs 0.87). In comparison to traditional CAD systems, an AI
system such as this one is not only more accurate, as seen in Chapter 1, but also pro-
vides radiologists with more than just prompts by incorporating interactive decision
support and an exam-based likelihood score for the presence of cancer.
Chapter 3 evaluated possible strategies of using AI to optimize screening programs
by reducing the workload, based on automatically identifying normal DM exams.
Given the population of exams collected in Chapter 1, AI was used to obtain a score
between 1 and 10 for each exam, representing the likelihood of cancer present. Us-
ing all AI scores between 1 and 9 as possible thresholds, the exams were divided into
groups of low- and high-likelihood of cancer present. It was assumed that, under the
pre-selection scenario, only the high-likelihood group would be read by radiologists,
while all low-likelihood exams would be reported as normal. The AUC was calcu-
lated for the original evaluations and for the pre-selection scenarios, and compared
using a non-inferiority hypothesis. The results showed that setting the low/high-
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likelihood threshold at an AI score of 5 (high-likelihood if greater than 5) results in
a trade-off of halving the workload to be read by radiologists while excluding 7%
of true positive exams. Using an AI score of 2 as threshold yields a workload re-
duction of 17% while only excluding 1% of true positive exams. Pre-selection did
not change the average AUC of radiologists (inferior 95% confidence interval > -
0.05) for any threshold except when setting it at the extreme AI score of 9. Because
mass screening per se is a balance between benefits, harms, and costs, based upon
our findings automated pre-selection of possibly abnormal and definitively normal
cases may therefore be a valid alternative for current screening practice.
Part II. Assessment and optimization of breast tomosynthesis
In this part we investigated new algorithms and models developed to improve DBT
both as an anatomical and a functional technique, as well as new approaches of read-
ing DBT for breast cancer detection.
Chapter 4 and Chapter 5 involved the development of the first patient-based 3D
shape model of the compressed breast undergoing DM and DBT. The model was de-
veloped using as a basis 1.000 2D breast shapes automatically segmented from mam-
mograms, and about 50 3D breast shapes imaged in-vivo with a structured light 3D
surface imaging technique. The model may help in many steps of DBT research, by
allowing the generation of random new compressed breast shapes, with varying but
realistic thickness, shape, and external curvature.
Chapter 6 consisted in the development of a deep learning-based method to remove
x-ray scatter radiation in DBT images. A convolutional neural network (CNN) was
trained to model the scatter signal in DBT projections, using Monte Carlo (MC) sim-
ulations as ground truth. Homogeneous software phantoms representing different
compressed breasts undergoing a cranio-caudal DBT exam were generated using the
model from Chapter 4 and Chapter 5. These were implemented in a MC simulation
of a DBT scan, yielding the scatter fraction (SF ) image estimate of each projection.
The CNN was trained to predict these SF images using the MC-simulated SF im-
ages of 180 phantoms as ground truth. The mean absolute error (MAE) between
the MC-simulated SF and the CNN-estimated SF was computed in 20 other phan-
toms. The results showed that the MAE between the CNN-estimated and the MC-
simulated scatter images was less than 1%. The CNN generated scatter images up to
105 times faster than MC simulations (0.01 seconds versus 130 seconds), favoring its
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implementation in routine clinical practice. Correcting for scatter is the first step to
allow for quantitative measurements in DBT, and allows for the reduction of breast
compression force in DBT (when breast thickness is increased) without losing im-
age quality. Some clinical studies have proposed that compression in DBT could be
reduced up to 50%, since tissue overlap is less of an issue, in comparison to mam-
mography.
Chapter 7 evaluated how new reconstruction algorithms can impact DBT image
quality, both for radiologists and for AI systems. In this study we compared two
DBT reconstruction algorithms used by the Siemens Mammomat Inspiration system
at our institution; Filtered Back Projection (FBP) and FBP with iterative optimiza-
tions (EMPIRE). Visual grading analysis (VGA) was performed by four readers spe-
cialized in breast imaging who scored 100 cases, reconstructed with both algorithms,
on presence of noise and artifacts, visualization of skin-line and Cooper’s ligaments,
contrast, and image quality, and, when present, lesion visibility. In parallel, a three-
dimensional deep-learning CNN (3D-CNN) was developed, separately trained with
FBP and EMPIRE volumes, to discriminate between samples with and without calci-
fications. The results were that the EMPIRE reconstructions showed better contrast
(P=0.010), image quality (P<0.001), visibility of calcifications (P=0.053, significant
for 1 reader), and fewer artifacts (P<0.001). The 3D-CNN-EMPIRE had better perfor-
mance than 3D-CNN-FBP (partial AUC-EMPIRE=0.880 vs partial AUC-FBP=0.857;
P<0.001).
Chapter 8 introduced a new deep learning-based methodology to obtain quanti-
tative measurements in DBT, opening the door for functional DBT imaging. The
method is based on a two-pass reconstruction algorithm with material decomposi-
tion designed to obtain quantitative iodine measurements in DBT. This is achieved
by segmenting the iodine map generated by the first pass reconstruction using a
CNN, and using this segmentation to restrict the allowed iodine distribution in the
second pass of the reconstruction. The reconstruction algorithm consists of a maxi-
mum likelihood method with material decomposition. To evaluate the performance
of the algorithms, a set of 2D digital breast phantoms containing targets with varying
iodine concentration was used. The acquisition of DBT projections of these phan-
toms was simulated and the proposed reconstruction and segmentation algorithms
were applied. The results showed that the median of the resulting iodine mass esti-
mates improved from 68% to 82% of the true iodine concentration (P<0.05), and the
coefficient of variation of the estimates was reduced from 23% to 13% P<0.05. This
would mean that the iodine content in tumors could be more accurately measured
529288-L-sub01-bw-Ruiz
Processed on: 21-2-2019 PDF page: 218
208 Summary
with DBT, despite the limitations of the limited angle acquisition and its inherent
artefacts. In the future, the methodology can be further improved by using the breast
shape model developed in Chapter 5, and the scatter correction developed in Chap-
ter 6. This could broaden the use of DBT for clinical post-diagnosis care of breast
cancer (improving tumor staging, treatment response prediction and monitoring).
Chapter 9 investigated the potential of one-view DBT (1v-DBT) as a stand-alone
technique for breast cancer detection. Six radiologists, three experienced with 1v-
DBT in screening, retrospectively reviewed 181 cases (76 malignant) in two sessions.
First, they scored sequentially: 1v-DBT (MLO), 1v-DBT (MLO) + 1v-DM (CC), and
two-view DM + DBT (2v-DM+2v-DBT). The second session involved only 2v-DM.
Lesions were scored using BI-RADS and level of suspiciousness (1-10). Sensitivity,
specificity, ROC and jackknife alternative free-response ROC (JAFROC) were com-
puted. Results indicated that, on average, 1v-DBT had a breast cancer detection that
was similar to any of the other protocols in terms of the JAFROC figure-of-merit,
AUC, sensitivity or specificity. While readers inexperienced with 1v-DBT screening
improved their sensitivity when adding more images (69% to 79%, P=0.019), expe-
rienced readers showed similar sensitivity (76%) and specificity (70%) between 1v-
DBT and 2v-DM+2v-DBT (P=0.482). Sub-analysis by lesion type and breast density
showed that this similarity did not depend on these variables.
One-view DBT alone is a viable protocol for breast cancer screening. But as reported
in Chapter 9, it can take longer reading time for just a single volume of DBT in
comparison to two-view mammography, making the use of protocols to accelerate
the reading necessary. The use of a synthetic mammogram automatically generated
from the DBT acquisition that can be used as an overview of the DBT volume might
be the best solution to shorten reading times.
In Chapter 10 we evaluated two types of synthetic mammograms that can be used
as an adjunct to DBT, planar synthetic mammograms (SM) and 3D-like rotating syn-
thetic mammograms (RM). In a fully-crossed MRMC study, three radiologists ret-
rospectively reviewed 190 cases (27 malignant), once with SM alone and once with
RM alone. Additionally, readers were asked to answer 4 VGA-type questions on
visibility of calcifications and soft tissue lesions. On average, the AUC was simi-
lar between SM and RM (0.66 versus 0.67, P=0.818). The sensitivity was equivalent
(0.62 versus 0.60, P=0.794), while specificity was significantly lower in SM than in
RM (0.66 versus 0.72, P=0.028). Although achieving similar detection accuracy, radi-
ologists significantly (P<0.05) preferred the display of all types of lesions in RM over
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SM. Nevertheless, the average reading time per case was higher for RM than for SM
(30 seconds versus 23 seconds, P<0.05).
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Borstkanker is de meest voorkomende vorm van kanker bij vrouwen. In de laatste decennia is
de overleving van vrouwen met borstkanker is vergroot door de introductie van bevolkingson-
derzoek met mammografie waardoor borstkankers eerder worden opgespoord. Het bevolking-
sonderzoek van borstkanker kent echter ook zijn beperkingen. Het gebruik van mammografie
- een 2-dimensionale (2D) opname - voor het afbeelden van de 3-dimensionale (3D) borst,
zorgt voor zowel vals-positieve uitslagen als kankers die gemist worden door overprojectie
van weefsel. Digitale tomosynthese van de borst is een nieuwe techniek om borstkankers
beter af te beelden, waarbij er ’pseudo-3-dimensionale’ opnames worden gemaakt van de
borst. Deze techniek biedt het voordeel dat borstkankers die anders gemist worden door weef-
seloverlapping, gemakkelijker kunnen worden gedetecteerd. Daarnaast is de beoordeling van
borstkankeronderzoeken behoorlijk arbeidsintensief. De technologische ontwikkelingen in AI
(Artificial Intelligence of Kunstmatige Intelligentie) zouden een rol kunnen spelen in het ver-
hogen van de efficiëntie in screening. In dit proefschrift wordt de rol van AI en tomosynthese
onderzocht en geoptimaliseerd.
Deel I. Evaluatie van AI voor borstkanker detectie in mammografie
Hoofdstuk 1 beschrijft de prestaties van een AI-systeem (gebaseerd op deep learn-
ing technieken) voor het detecteren van borstkanker vergeleken met radiologen. De
resultaten lieten zien dat het AI-systeem vergelijkbaar was met het gemiddelde van
101 radiologen. Sterker nog, het AI-systeem presteerde beter dan 61% van de ra-
diologen. Een AI-systeem dat functioneert op het niveau van ervaren radiologen
biedt technologische mogelijkheden in het efficiënter maken van de work-flow bin-
nen de mammaradiologie, zowel in een screening setting, als in de klinsiche setting.
In hoofdstuk 2 en 3 wordt de optimale integratie van een dergelijk AI-systeem geë-
valueerd.
In hoofdstuk 2 werd de toegevoegde waarde van het gebruik van een AI-systeem
als interactieve ondersteuning bij het beoordelen van mammogrammen onderzocht.
Het AI-systeem gaf ondersteuning in de vorm van een kankerrisico-score bij het
klikken van een gekozen gebied in de borst. Dit hoofdstuk liet zien dat radiolo-
gen met AI-ondersteuning beter presteerden dan zonder AI-ondersteuning.
In hoofdstuk 3 werd een andere strategie toegepast om het beoordelingsproces van
mammogrammen efficiënter te maken. De kankerrisico-scores van het AI-systeem
werden gebruikt om hoog- en laagrisico mammogrammen te selecteren. De hoog-
risico onderzoeken werden beoordeeld door radiologen, de laag-risico onderzoeken
529288-L-sub01-bw-Ruiz
Processed on: 21-2-2019 PDF page: 223
Samenvatting 213
werden weggelaten. Op deze manier werd de work-load van de radioloog gere-
duceerd met 17%, terwijl slechts 1% van de kankers werd gemist.
Deel II. Beoordeling en optimalisering van digitale tomosynthese
In dit deel werden nieuwe algoritmes and modellen ontwikkeld om tomosynthese te
verbeteren zowel als anatomische als fuctionele techniek. In hoofdstuk 4 en 5 werd
een model ontwikkeld voor het genereren van een realistische, samengedrukte borst.
In hoofdstuk 6 werd een deep-learning methode ontwikkeld voor het verwijderen
van röntgenstraling scatter in tomosynthese opnames. Eén van de voordelen scatter-
reductie is dat de mate van samendrukking van de borst verminderd kan worden,
zonder verslechtering van de beeldkwaliteit.
In hoofdstuk 7 werden twee reconstructie algoritmen vergeleken (Filtered Back Pro-
jection en EMPIRE) die van invloed kunnen zijn op tomosynthese beelden, zowel
voor radiologen als AI-systemen. Uit deze studie werd geconcludeerd dat het EM-
PIRE algoritme het beter deed op het gebied van contrast, beeldkwaliteit, zicht-
baarheid van calcificaties en artefacten.
In hoofstuk 8 werd de stap gemaakt naar kwantitatieve metingen door middel van
deep learning methodes in tomosythese beelden, waarbij de deur naar de func-
tionele techniek in tomosynthese wordt geopend. De methode liet zien dat tumoren
nauwkeuriger konden worden gemeten, ondankt de limitaties in acquisitie onder
een hoek en artefacten. In de toekomst kan de techniek verder worden verbeterd
door gebruik te maken van het model ontwikkeld in hoofdstuk 5 en de scatter-
reductie techniek in hoofdstuk 6.
De standaardopnames van mammografie en tomosynthese is de craniocaudale (CC-
) en mediolaterale (MLO-) richting. Hoofdstuk 9 liet zien dat een 1-richting opname
bij tomosynthese net zo sensititief is voor het opsporen van borstkanker tumoren als
de combinatie van 2-richting tomosynthese en 2-richting mammografie.
De komst van 3D-technologie maakt het 2D-beeld niet geheel overbodig. Het 2D
beeld kan meer informatie geven over bijvoorbeeld groepjes calcificaties. Uit de
tomosynthese beelden is het mogelijk om 2D beelden te reconstueren. Een alter-
natief is een 3D geroteerd synthetisch beeld dat op dezelfde manier een overzicht
kan bieden voor de radioloog. In hoofdstuk 10 werden deze twee technieken met
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elkaar vergeleken. Er werd geconcludeerd dat de nauwkeurigheid van beide tech-
nieken vrijwel gelijk is, maar radiologen gaven de voorkeur aan het 3D-geroteerde
overzichtsbeeld boven het synthetische 2D-beeld.
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